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We consider the estimation of and inference on precision matrices of a
rich class of univariate locally stationary linear and nonlinear time series,
assuming that only one realization of the time series is observed. Using a
Cholesky decomposition technique, we show that the precision matrices can
be directly estimated via a series of least squares linear regressions with
smoothly time-varying coefficients. The method of sieves is utilized for the
estimation and is shown to be optimally adaptive in terms of estimation ac-
curacy and efficient in terms of computational complexity. We establish an
asymptotic theory for a class of L2 tests based on the nonparametric sieve
estimators. The latter are used for testing whether the precision matrices are
diagonal or banded. A Gaussian approximation result is established for a wide
class of quadratic forms of nonstationary and possibly nonlinear processes of
diverging dimensions which is of interest by itself.

1. Introduction. Consider a centered univariate nonstationary time series xij,...,
Xxn,n € R. Denote by 2, :=[Cov(x1p, ..., xn,n)]_1 the precision matrix of the series. Mod-
elling, estimation and inference of €2, are of fundamental importance in a wide range of
problems in time series analysis. For example, the £> optimal linear forecast of x,,, 1., based
on Xi n,...,Xnn is determined by €2,, and the covariance between x,, 11 , and (X1 5, ..., Xn.n)
[3]. In time series regression with fixed regressors, the best linear unbiased estimator of the
regression coefficient is a weighted least squares estimator with weights proportional to the
square root of the precision matrix of the errors [15]. Furthermore, the precision matrix is a
key part in Gaussian likelihood and quasilikelihood estimation and inference of time series
[3, 19]. We shall omit the subscript 7 in the sequel if no confusions arise.

Observe that €2 is an n x n matrix. When the time series length n is at least moderately
large, it is generally not a good idea to first estimate the covariance matrix of (x1, ..., xy)
and then invert it to obtain an estimate of €2. One main reason is that small errors in the
covariance matrix estimation may be amplified through inversion when 7 is large, especially
when the condition number of the covariance matrix is large. Also, matrix inversion is not
computationally efficient for large n. As a result it is desirable to directly estimate 2. In this
paper we utilize a Cholesky decomposition technique to directly estimate 2 through a series
of least squares linear regressions. Specifically, write

i—1

(1.1) x,-:ZqZ),-jxi,j%—ei, i=2,...,n,

j=1
where Z;_:ll ¢ijxi_j :=X; is the best linear forecast of x; based on x1, ..., x;_1 and ¢; is the
forecast error. Let €) := x| and denote by aiz the variance of ¢;,i = 1,2, ..., n. Observe that
€; are uncorrelated random variables. As a result it is straightforward to show that [22]
(1.2) Q=o*Do,
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where the diagonal matrix D is defined as D = diag{o 2 o, 2}, @ is a lower triangu-
lar matrix having ones on its diagonal and —¢;; at its (i,i — j)th element for j <i and *
denotes matrix or vector transpose. The most significant advantage of the above Cholesky
decomposition is structural simplification that transfers the difficult problem of precision ma-
trix estimation to that of estimating a series of least squares regression coefficients and error
variances.

However, the Cholesky decomposition idea is not directly applicable to precision matrix
estimation of nonstationary time series. The reason is that there are in total n(n + 1)/2 re-
gression coefficients and error variances to be estimated in the Cholesky decomposition of 2.
Meanwhile, observe that there are also n(n + 1)/2 parameters to be estimated for the preci-
sion matrix of a general nonstationary time series. Hence, Cholesky decomposition, although
it performs structural simplification, does not reduce the dimensionality of the parameter
space. On the other hand, we only observe one realization of the time series with n observa-
tions. As a result dimension reduction techniques with natural assumptions in nonstationary
time series analysis are needed for the estimation of €2.

We adopt two natural and widely used assumptions in nonstationary time series for the
dimension reduction. The first such assumption is local stationarity which refers to slowly
or smoothly time-varying underlying data generating mechanisms of the series. Utilizing
the locally stationary framework in Zhou and Wu [39], we show that, for a wide class
of locally stationary nonlinear processes, each off-diagonal element of the ® matrix as

2

well as the error variance series o/ can be well approximated by smooth functions on

[0, 1]. Specifically, we show that there exist smooth functions ¢;(-) and g(-) such that
sup;—p |41 — ¢ (i/m)| = o(™1/?), j=1,2,....n and sup;_, |0} — g(i/n)| = o(n~'?),
where b = b, diverges to infinity with b/n — 0 whose specific value will be determined
later in the article. To our knowledge, the latter is the first result on smooth approximation to
general nonstationary precision matrices. From classic approximation theory [25], a d times
continuously differentiable function can be well approximated by a basis expansion with
O ((n/logn)'/ 4+ parameters. Thanks to the local stationarity assumption, the number of
parameters needed for estimating oiz is reduced from n to O((n/log n)1/2d+Dy A similar
conclusion holds for each off-diagonal element of .

The second assumption we adopt is short range dependence which refers to fast decay of
the dependence between x; and x; ¢ ; as j diverges. Using the physical dependence measures
introduced in Zhou and Wu [39], modern operator spectral theory and approximation theory
[9, 27], we show, as a theoretical contribution of the paper, that the off-diagonal elements of
® decay fast to zeros for a general class of locally stationary short range dependent processes.
Specifically, we show that ¢;; can be effectively treated as O whenever j > b. Hence, the total
number of parameters one needs to estimate is reduced to the order b[b + (n/logn)!/d+ 1)
which is typically much smaller than the sample size .

Now, we utilize the method of sieves to estimate the smooth functions ¢;(-) and g(-) men-
tioned above. The method of sieves refers to approximating an infinite dimensional space
with a sequence of finer and finer finite dimensional subspaces. Typical examples include
Fourier, wavelet and orthogonal polynomial approximations to smooth functions on compact
intervals. We refer to [6] by Chen for a thorough review of the subject. There are two major
advantages of the sieve method when used for precision matrix estimation. First, many sieve
estimators, such as the Fourier and wavelet methods mentioned above, do not have inferior
performances at the boundary of the estimating interval. This is important as inaccurate es-
timates at the boundary may drastically lower the accuracy of the whole precision matrix
estimation even though entries are well estimated in the interior. Second, the computational
complexities of many sieve methods are both adaptive (to the smoothness of the functions of
interest) and efficient. When estimating one smooth function of time, local methods such as
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the kernel estimation perform one regression at each time point. This could be computational
inefficient when # is large. On the contrary, the above mentioned three sieve methods only
need to perform a single regression at the whole time interval with the number of covariates
determined by the smoothness of the function of interest. In many cases this yields a much
faster estimation. For instance, in the extreme case where the time series dependence is expo-
nentially decaying and the functions are infinitely differentiable, the sieve method only needs
O (nlog® n) operations to estimate €. Under the same scenario the computational complex-
ity of the kernel method is of order O(nZk,1 log2 n), where k,, is the bandwidth used for the
regression and is typically of the order n~1/.

In this paper we show that the sieve estimates of the functions ¢;(-) achieve, uniformly
over time and j, the minimax rate for nonparametric function estimation [25]. This extends
previous convergence rate results on nonparametric sieve regression to the case of a diverging
number of covariates and nonstationary predictors and errors. Combining the latter result
with modern random matrix theory [28], we show that the operator norm of the estimated
precision matrix converges at a fast rate which is determined by the strength of time series
dependence and the smoothness of the underlying data generating mechanism. In the best
scenario where the dependence is exponentially decaying and ¢;(-) and g(-) are infinitely
differentiable, the convergence rate is shown to be of the order log> n/ J/n, which is almost
as fast as parametrically estimating a single parameter from i.i.d. samples.

Sieve estimators have already been used to estimate the smooth conditional mean function
in various settings. For instance, in [1], the authors proved that the sieve least square esti-
mators could achieve minimax rate in the sense of sup-norm loss for a fixed number of i.i.d.
regressors and errors with a general class of sieve basis functions; later, Chen and Christensen
[7] showed that the spline and wavelet sieve regression estimators attain the above global uni-
form convergence rate for a fixed number of weakly dependent and stationary regressors. In
this article we study nonparametric sieve estimates for locally stationary time series with di-
verging number of covariates under physical dependence and obtain the same minimax rate
for the functions ¢; (-).

After estimating €2, one may want to perform various tests on its structure. In this paper
we focus on two such tests, one on whether {x;}_, is a nonstationary white noise and the
other on whether € is banded. Two test statistics based on the £ distances between the es-
timated and hypothesized & are proposed. These tests boil down to quadratic forms of the
estimated sieve regression coefficients which are quadratic forms of nonstationary, dependent
vectors of diverging dimensionality. To our knowledge, there have been no previous works on
L£? inference of nonparametric sieve estimators as well as the inference of high-dimensional
quadratic forms of nonstationary nonlinear time series. Here, we utilize Stein’s method to-
gether with an m-dependence approximation technique and prove that the laws of a large class
of quadratic forms of nonstationary nonlinear processes with diverging dimensionality can be
well approximated by those of quadratic forms of diverging dimensional Gaussian processes.
Consequently, asymptotic normality can be established for those high-dimensional quadratic
forms. The latter Gaussian approximation result is of separate interest and may be of wider
applicability in nonstationary time series analysis. In [33], Xu, Zhang and Wu derived the
L£? asymptotics for the quadratic form XX, where X is the sample mean of 7 i.i.d. random
vectors and X is its transpose. In the present paper we prove new and much more general £>
asymptotics for quadratic forms Z"EZ for any bounded positive semidefinite matrix E using
Stein’s method [24, 37], where Z is the sample mean of a high-dimensional, nonstationary
and dependent process. It is very interesting that similar ideas have been used in proving the
universality of random matrix theory [11, 13, 17, 26].

We point out that the idea of Cholesky decomposition has been used in time series analysis
under some different settings when multiple replicates of the vector of interest are available.
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Assuming a longitudinal setup where multiple realizations can be observed, Wu and Pourah-
madi [31] studied the estimation of covariance matrices using nonparametric smoothing tech-
niques. Bickel and Levina [2] considered estimating large covariance and precision matrices
by either banding or tapering the sample covariance matrix and its inverse, assuming that
multiple independent samples can be observed. On the other hand, we assume that only one
realization of the time series is observed which is the case in many real applications. Hence,
none of the aforementioned results can be applied under this scenario.

Finally, we mention that estimating large-dimensional covariance and precision matrices
has attracted much attention in the last two decades. One main research line is to assume
that we can observe n i.i.d. copies of a p dimensional random vector. When p is compara-
ble to or larger than n, it is well known that sample covariance and precision matrices are
inconsistent estimators [10, 21]. To overcome the difficulty from high dimensionality, re-
searchers usually impose two main structural assumptions in order to consistently estimate
the covariance and precision matrices, sparsity structure and factor model structure. Various
families of covariance matrices and regularization methods have been introduced assuming
some types of sparsity; this includes the bandable covariance matrices [2, 4, 31], sparse co-
variance matrices [5, 18, 36] and sparse precision matrices [34, 35]. On the other hand, factor
models in the high-dimensional setting have been used in a range of applications in finance
and economics. For a comprehensive review on factor model based methods, we refer to
[14]. Although high dimensional covariance and precision matrix estimation has witnessed
unprecedented development, there have been no previous works on precision matrix estima-
tion for nonstationary time series with only one realization to the best of our knowledge.
On the other hand, there have been a small literature on time series covariance or precision
matrix estimation. Under stationarity, [20, 32] consider thresholding and banding techniques
for estimating the covariance matrix with only one realization of the series. Under sparsity
assumptions, [8] estimates marginal covariance and precision matrices of high-dimensional
stationary and locally stationary time series using thresholding and Lasso techniques. Note
that when estimating marginal covariance or precision matrices of a p dimensional time se-
ries of length n, the series can be viewed as n dependent replicates of the vector of interest
which is completely different than the situation considered in this article.

The rest of the paper is organized as follows. In Section 2 we introduce a rich class of non-
stationary (locally stationary) and nonlinear time series and study the theoretical properties
of its covariance and precision matrices. In Section 3 we consistently estimate the preci-
sion matrices and provide convergent rates for these estimators. In Section 4 we propose two
adaptive tests using some simple statistics from our estimation procedure, where the conver-
gence rates and powers of the tests are adaptive to the strength of the temporal dependence
and the smoothness of the underlying data generating mechanism. Monte Carlo simulations,
technical proofs and auxiliary lemmas are provided in the Supplementary Material [12].

2. Locally stationary time series. Consider a locally stationary time series [38—40]
.1 v =G(1.7)
n

where ; = (..., ni—1,n;) and n;, i € Z are i.i.d. random variables and G : [0, 1] x R® — R
is a measurable function such that &;(¢) := G (¢, F;) is a properly defined random variable
for all ¢ € [0, 1]. The above represents a wide class of locally stationary linear and nonlinear
processes. We refer to Zhou and Wu [30, 39, 40] for detailed discussions and examples.
And following [30, 39, 40], we introduce the following dependence measure to quantify the
temporal dependence of (2.1).
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DEFINITION 2.1. Let {n;} be an ii.d. copy of {n;}. We assume that for some g > 0,
lxillg < oo, where || - || = [E] - 1911/4 is the L, norm of a random variable. For j > 0, we
define the physical dependence measure by

(2.2) 8(j,q):= sup max|G(r, F;) —G(t, Fi )|
ref0,1] ¢

q,
. /
where Fi ji= (Fij—1, M js i j+15 -+ i)

The measure §(j, g) quantifies the changes in the system’s output when the input of the
system j steps ahead is changed to an i.i.d. copy. If the change is small, then we have short-
range dependence. It is notable that §(j, ¢) is related to the data generating mechanism and
can be easily computed. We refer the readers to [39], Section 4, for examples of such com-
putation. In the present paper we impose the following assumptions on (2.1) and the physical
dependence measure to control the temporal dependence of the nonstationary time series.

ASSUMPTION 2.2. There exist constants T > 10 and g > 4; for some universal constant
C > 0, we have that
(2.3) 8G.e)=Cj7", j=1

Furthermore, G defined in (2.1) satisfies the property of stochastic Lipschitz continuity, for
any t1, tp € [0, 1], we have

(2.4) HG(Il,fi)—G(tz,]:i)Hq < Cilt1 — 121,
where C is some universal constant independent of i, #; and #,. We also assume that

(2.5) supmax| G (1, F) |, < oc.
t i

Equation (2.3) indicates that the time series has short-range dependence. Further, (2.4)
implies that G (-, -) changes smoothly over time and ensures local stationarity. Furthermore,
for each fixed ¢ € [0, 1], denote

(2.6) y(, j) =Cov(G(t, Fo), G(t, Fj)).

Observe that y(t, j) is the jth order autocovariance of the time series {x;}/_, at time ¢.
Equations (2.4) and (2.5) imply that y (¢, j) is Lipschitz continuous in ¢. Further, we need the
following assumption on the smoothness of y (¢, j).

ASSUMPTION 2.3. There exists integer d > 1 such that for all j > 0, we have y (¢, j) €
C?([0, 1), where C4([0, 1]) is the function space on [0, 1] of continuous functions that have
continuous first d derivatives.

Finally, in this paper, we assume that for any n € N, there exists some universal constant
¢ > 0 such that the smallest eigenvalue of the covariance matrix of (xi, ..., x,), denoted by
M (2,), satisfies

2.7) In(Zp) = 6.

The above assumption is commonly used in the literature on precision matrix estimation [5,
8, 34].
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2.1. Examples. In this subsection we list a few examples of locally stationary processes
satisfying Assumptions 2.2 and 2.3.

EXAMPLE 2.4 (Nonstationary linear processes). Let {¢;} be i.i.d. random variables; let
aj(-),j=0,1,...be C4([0, 1]) functions such that

o0
G, Fi)=) aj(t)ei.
k=0
The above model is studied in [39], Section 4.1. By [39], Proposition 2, we find that Assump-
tion 2.2 will be satisfied if

min(2,q)

sup |a;(1)] <Cj7", j=1

1€[0,1]
2.8) 50 |
> sup |a;(t)\mm(2’q) < 00,
j:()te[o,l]

for some constant C > 0. Furthermore, by the assumption (2.8) and the rule of term by term
differentiation [29], Theorem 7.14, Assumption 2.3 will be satisfied if

sup |a\P ()"0 <cj7T, =1,
tel[0,1]

EXAMPLE 2.5 (Nonstationary nonlinear process). Let {¢;} be i.i.d. random variables. We
now consider a process of the following form:

(2.9) () =R(t,&-1(), &),

where R is some (possibly nonlinear) measurable function. This process has been studied in
[39], Section 4.2. Suppose that for some xo, we have sup, .o 11| R (7, xo, €i) [l < 00. Denote

R(t,x,€0) — R(t,y,€
x := sup L(t), where L(t)=sup IRC 0) @y 0)”61.
1€[0.1] x#y lx =yl

It is known from [39], Theorem 6, that if x < 1, then (2.9) admits a unique locally stationary
solution with &;(¢) = G(t, F;) and the physical dependence measure satisfies that 6(j, g) <
Cx’. Hence, the temporal dependence is of exponential decay (see equation (2.15)), which
is much faster than (2.2). Furthermore, we conclude from [39] that (2.4, Proposition 4) holds
true if

sup | M(G(t, Fo))|, < oo,
t€l0,1]

R(t,x,€9) — R(s, x, €
where M(x) = Rz, x, €0) (s, x O)”q‘
0<t<s<l |t — s

To verify Assumption 2.3, we assume that G (¢, F;) admits the following Volterra expansion
[30]:

o) o
Gt,F)=)_ Y, gklt.ur, ..., up)€iu .. €,

k=luy,...,u;=0

where g’s are the Volterra kernels. Suppose gx € C4[0, 1] for ¢ and

oo oo

sup Z Z (g,gd)(t,ul,...,uk))2<oo,
€00, 0 k=1 u,....up=0

Then, we can use term by term differentiation to see that Assumption 2.3 holds.
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2.2. Properties of the time-varying best linear predictors. Many important consequences
can be derived due to Assumptions 2.2 and 2.3. We list the most useful ones in this section
and put their proofs into the Supplementary Material [12]. The following lemma controls the
uniform decay rate of y (¢, j) as j increases.

LEMMA 2.6. Under Assumptions 2.2 and 2.3 there exists some constant C > 0, such
that

suply(t, DI <Cj™", j=1.
t
Our first important conclusion is that the coefficients defined in (1.1) are of polynomial de-

cay. Hence, when i > b is large, where b = O (n%/7), we only need to focus on autoregressive
fit of order b instead of i — 1. Recall (1.1). Denote ¢; = (¢i1, ..., ¢ii—1)*. Then, we have

(2.10) é =Qiy;,
where 2; and y; are defined as Q; = [Cov(xf_l, xf_l)]_l, V= Cov(xﬁ_l,xi), with xf_l =
(xi—1,...,x1)*. The above claims are formally summarized in the following proposition.

PROPOSITION 2.7. Under Assumption 2.2 and (2.7) and letting b = O (n?/"), there ex-
ists some constant C > 0, such that

max{Cn= 4T Cj7T} i > b
(2-11) |¢ij| = —243/1 T . 2

max{Cn ,Cj7'} b<i<b’
Furthermore, when i > b, denote ¢f’ = (¢i1, ..., Pip) and (ij = Qf’yib with entries ((]NSil, e,
iv). where Q¥ = [Cov(x;, x;)] 7!, v = E(xixi), Xj = (xi_1. ..., Xi—p), we have

~b _
sup| @} — ;| < Cn 7>,
4

To our knowledge, Proposition 2.7 is the first result on the decay rate of the best lin-
ear forecast coefficients under nonstationarity. It serves the first dimension reduction for our
parameter space. It states that we can treat ¢;; =0 when j > b. Hence, the number of coeffi-
cients needed for the Cholesky decomposition reduces from 0 (n?) to O (nb). Finally, denote

¢’ (L) = ($1(5), ... dp(5)) by
2.12) ¢”<£> = Q).
where Q7 and $? are defined as
QP =[Cov®.%)]". 7 =Cov&i, x),

with X; x = G(,%, Fi—k), k=1,2,...,b. The following lemma shows that q}f can be well
approximated by ¢” (%) when i > b.

LEMMA 2.8. Under Assumption 2.2 and the assumption (2.7), there exists some constant
C > 0, such that for all j <b,

bij — @) <I—>‘ <Ccn T,
n

sup
i>b
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Lemma 2.8 claims that each off-diagonal element {¢;;}?_, can be well approximated by
a smooth function ¢;(-). It provides the second dimension reduction. Due to the smoothness
of ¢;(-), it can be well approximated by a sieve expansion of order ¢, where ¢ < n. This will
further reduce the dimension of the parameter space from O (nb) to O(bc). Throughout of
the rest of the paper, unless otherwise specified, we will always assume b = O (n%/7). Recall

that ¢; is the prediction error with variance 01-2,

(2.]3) 61':)6,'—)/6\[.

We define €; := x; — Z;.ninl(b’i_l) ¢ijxi—j. First of all, we deduce from Proposition 2.7 and
Assumption 2.2 that

(2.14) max |, —&|=o(n">) in probability.

1<i<n

Denote 51'2 as the variance of {€;}. Then, we have

LEMMA 2.9.  Suppose Assumption 2.2 and (2.7) hold true. We have sup; 51'2 < 00. Fur-
thermore, denote the physical dependence measure of {€;} as 8€(j, q). Then, there exists some
constant C > 0, such that for §¢(j,q) < Cj~°.

REMARK 2.10. In this paper we focus on the discussion when the physical dependence
measure is of polynomial decay, that is, (2.3) holds true. However, all our results can be
extended to the case when it is of exponential decay

(2.15) 8(j,q)<Ca’, O0<a<l.

In detail, Lemma 2.6 can be changed to sup, |y (¢, j)| < Ca’, j > 1. Therefore, we only need
to choose b = O (logn). As a consequence, Proposition 2.7 can be updated to

sup |¢;| < max{Cn~C, Ca’}, sup||¢? — (7)57 | <cn=€,
i>b i
where C > 1 is some constant. Similarly, Lemma 2.8 can be modified to

z)‘ - Clogn’

n/|— n

for all j <b.

¢ij—¢j<

sup
i>b
Finally, the analog of Lemma 2.9 is 8€(j, ¢) < Ca/.

3. Estimation of precision matrices. As shown in (1.2), Proposition 2.7 and Lem-
ma 2.8, in order to estimate 2 it suffices to estimate ¢;;, i < b, ¢ j(%),i > b > j and the
variances of the residuals. When i > b, by (2.5) and Proposition 2.7, it is easy to see that

i—1

Z ijxi—j

j=b+1

sup =o(n~!) in probability.

1

Therefore, we can simply write

b
3.1) xi=) $ijxicj+e+ounl), i=b+1,....n,
j=1

where X; = 0,(n~!) means nX; converges to zero in probability uniformly.



TIME SERIES PRECISION MATRIX ESTIMATION 2463

3.1. Estimating ¢;; fori > b. We first estimate the time-varying coefficients ¢ (;li) using
the method of sieves [1, 6, 7] when i > b.

LEMMA 3.1. Under Assumptions 2.2 and 2.3, for any j < b, we have that ¢;(t) €
C4([0, 10).

Based on the above lemma, we use
i ¢ i )
(3.2) ()= Y apen (L) i=b
n k=1 n

to approximate ¢ j(,%), where {ax(t)} is a set of prechosen orthogonal basis functions on
[0, 1] and ¢ = c(n) stands for the number of basis functions. In the present paper, unless
otherwise specified, we always set ¢ = O (n*!). The estimation of 6 (¢) boils down to that of
the a;’s. Next, the results of the convergent rate on the approximation (3.2) can be found in
[6], Section 2.3. We summarize it in the following lemma.

LEMMA 3.2. Denote the sup-norm with respect to Lebesgue measure as
Loo = sup |¢j(t) —0;(1)|.
tel0,1]
We have that Loo = O(c™%) for the orthogonal polynomials, trigonometric polynomials,

spline series with order r when r > d + 1 and orthogonal wavelets with degree m when
m>d.

Then, we impose the following regularity condition on the basis functions.

ASSUMPTION 3.3. Let ® be the Kronecker product. For any k = 1,2, ..., b, denote
>k (1) e Rk via szj (t) =y, |i — jl), we assume the eigenvalues of

1
(3.3) IS /0 k(1) ® (b(1)b* (1)) dt

are bounded above and also away from zero by a constant ¥ > 0, where b(¢) = («1(¢), ...,
a.(1))* € R€. Further, we assume that (2.7) holds.

Since (1) @ (b(1)b*(¢)) is positive semidefinite for any ¢ € [0, 1], the above integral is
always positive semidefinite. Assumption 3.3 is mild. It is clear that when x; is a station-
ary process, the assumption will hold immediately due to the orthonormality of the basis
functions. We next provide one specific nonstationary example. Consider a locally stationary
MA(q) process of the form

q
(3.4) G(t, F)=) ajn)ei—j+e, 1<g<oo,
Jj=l

where ¢; are i.i.d. centered random variables with variance 1. The following lemma shows,
under suitable conditions, Assumption 3.3 holds true for (3.4).

LEMMA 3.4. Suppose the assumptions of Example 2.4 hold for (3.4) and
q
(3.5) sup Y lajn] <1
i=1

Then, Assumption 3.3 holds for (3.4) and any orthonormal basis functions.
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Next, we impose the following mild assumption on the parameters.

ASSUMPTION 3.5. We assume that for 7 defined in (2.3), d defined in Assumption 2.3
and o, there exists a constant C > 4, such that

C
—+a; <1, doy > 2.
T

Note that the above assumption can be easily satisfied by choosing C < v and «1, ac-
cordingly. When the physical dependence is of exponential decay, we only need a1 < 1 and
doy > 2.

We now estimate ¢; ;. Under Assumption 3.5, by (3.1), (3.2) and Lemma 3.2, we can write

b

I .
(3.6) X = Z Zaijkj(;_) + € —i—ou(n_l), i=b+1,...,n,

j=lk=1

where zkj(;;) = ak(r’l;)xi_ j- In view of (3.6), we can use the ordinary least square (OLS)
method to estimate the coefficients a x. Denote the vector B € R by B, = aj, x,, where
Js = L%J + 1, k=5 — L%J x c¢. Similarly, we define y; € Rb¢ by letting y;s = stajs(;_.)‘
Furthermore, we denote Y* as the bc x (n — b) design matrix of (3.6) whose columns are

yi,i=b+1,...,n. Wealso deno/t\e by x € R"~? the vector of Xp+1s - - -, Xn. Hence, the OLS
estimator for 8 can be written as § = (Y*Y) ' Y*x.
Recall X; = (x;_1,...,%i_p)* € R?. Denote X = (Xp41,...,X,) € RP*"=b) and the ma-

trices E; € R"—0)x(0=b) quch that (E;)s; = 1, when s =7 =i — b and (E;)y; = 0 otherwise.
As a consequence we can write

(3.7) Y* = i (X®b<}%)>E,-.

i=b+1
Observe that
- Y\~ Y*e _
(3.8) /3=/3+< - ) +op(n),
where € € R"? consists of €b+1, - - -, €y and the error is entrywise. We decompose B into 19

blocks by denoting B = (B7, ..., B;)*, where each 8; € R¢. Similarly, we can decompose .
Therefore, our sieve estimator can be written as $ j(%) = ﬂjb(%), and it satisfies that

(3.9) ¢j<;;> —$,(;—> :(ﬂj_ﬁj)*b<:l;>.

We impose the following assumption on the derivative of the basis functions which is also
used in [7], Assumption 4.

ASSUMPTION 3.6. There exist constants wi, w2 > 0 such that

sup|Vb(@)| < Cn®'¢®?, C > 0is some constant.
t

The above assumption is satisfied by many of the widely used basis functions. For in-
stance, we can choose w1 =0, wy = % for trigonometric polynomials, spline series, orthog-
onal wavelets and weighted Chebyshev polynomials. For more examples satisfying this as-
sumption, we refer to [7], Section 2.1.
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THEOREM 3.7. Under Assumptions 2.2,2.3,3.3, 3.5 and 3.6, we have

of2)-5 () -ole o)

By carefully choosing ¢ = O (n®!), we show that 25 j (r’l—') are consistent estimators for ¢ (,’l;)

sup
i>b,j<b

uniformly in i for all j < b in Theorem 3.7. Denote . := sup; ||b(,’1¥)||, as discussed in [1],
Section 3; we can write £, = O (n%1), where af = %(xl for trigonometric polynomials, spline
series, orthogonal wavelets and weighted orthogonal Chebyshev polynomials. And o] = o
for Legendre orthogonal polynomials. Further, by choosing o} = %oq , we can show our es-
timators attain the optimal minimax convergent rate (n/(logn))~%/4+D for nonparametric
regression established by Stone in [25].

COROLLARY 3.8. Under Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6, using the trigonometric
polynomials, spline series, orthogonal wavelets and weighted orthogonal Chebyshev polyno-
mials, when ¢ = O((n/(log )Y @+DYy e have

d)j(%) - aj(%)‘ = 0p((n/(logm)) =¥/ *Y),

sup
i>b,j<b

3.2. Estimating ¢;j fori < b. Itis notable that by Lemma 2.8, when i, j are less or equal
to b, we cannot use the estimators derived from Section 3.1. Instead, a different series of least
squares linear regressions should be used. For instance, to estimate ¢, we use the following
regression equations:

= ¢r1xk—1 +8k2, k=2,3,...,n.

Note that & > = €. Due to the local stationarity assumption, there exists a smooth func-
tion f1, such that ¢y = f21 (%), k=2,3,...,n. Here, f>1 can be estimated using the sieve
method as described by the previous discussions and ¢;; can be estimated by fi 1(2/n). Gen-
erally, for each fixed i < b, to estimate ¢; we make use of the following predictions:

i—1
(3.10) xp=Y MixXi—j+&i k=ii+1...n

j=1
where Xk (kl Lreees kf-" ;1) are the coefficients of the best linear prediction, using the i — 1
predecessors. Note that Xi ¢, Using the Yule—Walker equation, we find kf.‘ = Qf‘ yf,
where Qk [COV(XZ, l)] L yl Cov(xf,xk) and xf-‘ = (Xk—1, ..., Xk—i+1). Due to As-

sumption 2.3, we define ff = (fl (n), e, fii_l(&)) by
(3.11) fh = Qkpk,
with QF, §¥ defined by QF = [Cov(®, ¥)17!, P = Cov(®, %), where X}, = G(&, Fi_)).

The following lemma shows that A j can be approximated by a smooth functlon f ().

LEMMA 3.9.  Under Assumptions 2.2, 2.3 and the assumption (2.7), for each fixed i <b
and for any j <i — 1, fj‘ (t) are C? functions on [0, 1]. Furthermore, for some constant
C > 0, we have

(k
(5] s clat o ey,

sup Af‘
k>i
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In particular, when k = i, we have

(3.12) d)ij—f;<;—>‘§c(n—1+2/f —|—n_doz1), j<i<b.

Therefore, the rest of the work leaves to estimate the functions f j‘ (t), j <i <b,using sieve

approximation by denoting f ]’ (1) =Y f— 1 djkor(t) + O(c™?), where we recall Lemma 3.2.
Then, the above sieve expansion is plugged into (3.10). An OLS regression is then used to
estimate the d ;. We denote the OLS estimator of f]’. (’ﬁ) as f; (%) =i djkozk(‘z).

THEOREM 3.10. Under Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6, we have

1) Aol )

Similar to the discussion of Corollary 3.8, using the trigonometric polynomials, spline
series, orthogonal wavelets and weighted orthogonal Chebyshev polynomials and setting
c=0((n/(log n))1/ @4+ we can obtain the optimal minimax convergent rate from Theo-
rem 3.10.

sup
i<b,j<i

3.3. Sieve estimation for noise variances. This subsection is devoted to the estimation of
{aiz}?zl. We discuss the cases for i > b and i < b separately. For i > b, denote ef’ =X; —
Z?:l ¢ijxi—j and (oib )2 = E(ef’ )2. o; can be well approximated using aib by the following
lemma.

LEMMA 3.11. Under Assumptions 2.2 and 2.3 and the assumption (2.7), for i > b and
some constant C > 0, we have

suplo? — (o7)?| < Cn =227,
i>b
Furthermore, denote g(%) =Ex; — ZZJ’-ZI d)ijG(;l_.’ ]:i,j))z, we have

sup|(o)” — g(;—)‘ <Cn YT

i>b

Finally, g(+) e C4([0, 1]).

Lemma 3.11 indicates that {Uiz}izb can be well approximated by a C? function g(-). De-
note rl-b = (eib )2; it is notable that ril’ cannot be observed directly. Instead, we use ?lb = ’e\iz,
where

b ¢ .
~ l .
(3.13) € =x; — E E ajkzkj<;>, i=b+1,...,n.

j=lk=1

By Theorem 3.7 and Assumption 3.5 we conclude that

1
(3.14) sup|rl.b_’fl.b|:OP<n2/t<§c %_Fn—dm)).

i>b
Invoking Lemma 3.2 and Assumption 3.5, for i > b, we can therefore utilize the method of
sieves and write

c . 1
(3.15) 7= deak(;_) Lol o+ 0P<n2/r (Q / Ofn +n_da1))_
k=1
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The coefficients dj’s are then estimated via OLS. Similar to Lemma 2.9, we can show that
the physical dependence measure of a)f is also of polynomial decay. Therefore, the OLS
estimator for & = (dj, ..., d.)* can be written as & = (W*W)~! W*F, where W* is an ¢ x
(n — b) matrix whose ith column is (o (22), ... e (H2))*, i =1,2,...,n — b and T is
an R"~? containing ?f,’ FRTRES ,’rjf. We have the following consistency result. Denote Eiz =
2(i/n) =i dwax(i/n), i > b.

THEOREM 3.12. Suppose Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6 hold true. Then, we
have

1
(3.16) SuPlaiz - Ui2| = OP( o (gc\/ =l +n—doz1)>.
i>b n

Finally, we study the estimation of cr ,i=1,2,...,bwhich enjoys the same discussion as
in Section 3.2. Recall & ; defined in (3.10). Denote (o*k l(é N2 = E(&, D% using a discussion
similar to Lemma 3.11, we can find a smooth function g’, such that supk sup; <p, [(o%.i (§ N2 —

g (n)| <O0m ). In particular, we can use g (n) to estimate U; .When i = 1, we need to
estimate the variance function of x;.

The rest of the work leaves to estlmate g (1) using the sieve method similar to (3.15) for
i < b, where we replace the errors with 7; rk, k=1i,...,n. Here, rk is defined as

2
(3.17) ?,i::( ij( )x, ]>, k=ii+1,...,n

Then, for i < b, we can estimate ?’ ( ﬁ) using the method of sieves similarly, except that the
dimension of W* is ¢ x (n + 1 — i). The results are summarized in the following theorem.
Denote 81'2 =2'(i/n).

THEOREM 3.13. Suppose Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6 hold true. Then, we
have

1
(3.18) sup|5;7 — o | = O]P( o ({CV =t +n—da1>>.
i<b n

In the finite sample case, for positiveness, we suggest simply choose

o G2 ife? >0;
3.19 57 =
G419 @) ~ ifg? <0.

Since n~! is much smaller than the right-hand side of (3.16) and (3.18), (3.19) will not
influence the results in Theorems 3.12 and 3.13.

3.4. Precision matrix estimation. From the Cholesky decomposition of (1.2), it is natural
to choose  := ®*DP as our estimator for the precision matrix. As we discussed in the
previous sections, here @ is a lower triangular matrix whose diagonal entries are all ones.
For the off-diagonal entries, when i > b and j < b, its (i,i — j)th entry is —¢ j(;—) defined
in Section 3.1. And when i < b, ®;;_; is estimated using — f’(i) from Section 3.2. All

other entries of ® are set to be zeros. Finally, D is a diagonal matrix with entries {(G;*)~ 2)
estimated from (3.19). Observe that Qis always positive definite.
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We now discuss the computational complexity of estimating €2. It is easy to see that when
i > b, the number of regressors is bc and length of observation is n — b. Hence, the computa-
tional complexity of the least squares regression is O (n (bc)?). Similar discussion can be ap-
plied for i < b, and we hence conclude that the computational complexity for estimating Qis
of the order O (nb3c?). As a result the computational complexity of our estimation is adaptive
to the smoothness of the underlying data generating mechanism and the decay rate of tempo-
ral dependence. In the best scenario, when assumption (2.15) holds and y (¢, j) € C*°([0, 1]),
our procedure only requires O (n log> n) operations.

In the following we shall control the estimation error between €2 and Q. We first observe
that, as det(®d*) = det(@@*) = 1, combining with Assumption 2.2, there exist some con-
stants C, Cp > 0, such that

C =< )xmin(q)CD*) = )\max(q)cb*) <C.

Similar results hold for ®d*.

THEOREM 3.14. Under Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6, we have

(3.20) 12 -8 = 01@(114/’ (n—doel Lo, /10gn)>.
n

Recall that || - || denotes the operator norm of a matrix. It can be seen from the above
theorem that the estimation accuracy of precision matrices depends on the decay rate of
the dependence and the smoothness of the covariance functions. The estimation accuracy
gets higher for time series with smoother covariance functions and faster decay speed of
dependence.

REMARK 3.15. Under the assumption (2.15), when we apply Gershgorin circle theorem
to our proof, we only need O (logn) matrix entries to bound the error terms. Hence, we can

change (3.20) to
N N
12— Q| = O]p(logzn(n_do” + 2. Og”)).
n

In the best scenario, where the dependence is exponentially decaying and ¢ (-) and g(-) are
infinitely differentiable, following the same arguments as those in the proof of Theorem 3.14,
it is easy to show the convergence rate of < is of the order log’n/ »/n which is almost as fast
as parametrically estimating a single parameter from i.i.d. samples.

4. Testing the structure of the precision matrices. An important advantage of our
methodology is that we can test many structural assumptions of the precision matrices us-
ing some simple statistics in terms of the entries of .

4.1. Test statistics. In this subsection we focus on discussing two fundamental tests in
nonstationary time series analysis. One of those is to test whether the observed samples are
from a nonstationary white noise process in the sense that Cov(x;, x;) = 8;j0, where §;; is
the Dirac delta function such that §;; = 1 when i = j and §;; = 0 otherwise. Note that we
allow heteroscedasticity by assuming that the variance of x; changes over time. Formally, we
would like to test

H(l) : {x;} is a nonstationary white noise process.



TIME SERIES PRECISION MATRIX ESTIMATION 2469

Recall (2.12). Under H}, we shall have that ¢ j(,%) are all zeros. Therefore, our estimation
$ j(r’l;) should be small for all pairs i, j, i # j. We hence use

b 1A2
4.1 T = (1) dt.
@.1) ; J_}Zli [ Fwar

The second hypothesis of interest is whether the precision matrices are banded. In our setup
the Cholesky decomposition provides a convenient way to test the bandedness. Formally, for
any ko = ko(n) < b, we are interested in testing the following hypothesis:

H% : The precision matrix of{x; }is ko-banded.

Due to (1.2), as 2 is strictly positive definite, the Cholesky decomposition is unique. There-
fore, we conclude that ® is also ko banded using the discussion in [23], Section 2. Further-
more, under H% we have that ¢ J( ) =0, for j > kg. Therefore, it is natural for us to use the
following statistic:

b 1
Tr= > foéﬁf(z)dt.

J=ko+1

It is notable that both 7" and T3 can be written into summations of quadratic forms under
the null hypothesis. For instance, for Tl* under Hé, we have

$11) = (9, (1) — d; ().

For any fixed j < b, we have

[ @0 -g 0P = Y@ — a0 + Ofn)
k=1
It can be seen from the above equation that the order of smoothness and number of basis
functions are important to our analysis. Under Assumption 3.5 we can see that the error
O (n—92) is negligible. Recall (3.8). It is easy to see that for ¥ := % defined in (3.3), we
have that

e > )2 €Yy 1Y
(4.2) Zfo (@ (1) — ;) dt = ZA AjT”
j=1

where A; € R”¢ is a diagonal block matrix whose jth diagonal block being the identity
matrix and zeros otherwise. Therefore, the investigation of 77" boils down to the analysis of
quadratic forms of a b¢ dimensional locally stationary time series {¥*€}.

REMARK 4.1. In the current paper we focus our discussion on the white noise and band-
edness tests. However, many other tests could be performed using our framework. Recall
(1.1). Another possible test is to check whether the time series {x;} is correlation stationary,
that is, corr(x;, x;) =r(|i — j|) for some function r. In this situation the null hypothesis can
be formulated as

Hg:qbij =¢;, forall .

Test of H(3) is possible through our framework provided that an appropriate and theoretically
tractable test statistic is constructed. We shall investigate this in some future work.
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4.2. Diverging dimensional Gaussian approximation. As we have seen from the pre-
vious subsection, both test statistics are involved with high-dimensional quadratic forms.
Observe that the distribution of quadratic forms of Gaussian vectors can be derived using
Lindeberg’s central limit theorem. Hence, our case can be tackled if we could establish a
Gaussian approximation to the quadratic form (4.2) of general nonstationary time series. In
this subsectlon we will prove a Gaussian approximation result for the quadratic form Z*EZ,
where Z := f € R’¢ and E is a bounded positive semidefinite matrix. Denote p = bc and

z; = (i1, .-, Zip)*, where
i = s / - .
(4.3) Zis = Xj—j—1€i0g| — ), S=|—|,s =s—Sc,i=b+1.
n c
1 — _ 1 n ) 1
As a consequence we can write Z := (Zy,...,Z)p) = D '—p+12i- Denote U = Wi X

> 419, where {u;}7_, 1 are centered Gaussian random vectors independent of {z; Y T

and preserve their covariance structure. Our task is to control the following Kolmogorov dis-

tance:

4.4) p:=sup|P(R* <x)— P(R" <x)
xeR

where R* =Z7Z*EZ, R*" =U*EU.

Denote & :=sup; , |o; (£)]. It is notable that & can be well controlled for the commonly
used basis functions. For instance, for the trigonometric polynomials and the weighted
Chebyshev polynomials of the first kind, & = O(1), and, for orthogonal wavelet, &, =
O (4/¢). The following theorem establishes the Gaussian approximation for high-dimensional
quadratic forms under physical dependence.

’

THEOREM 4.2. Suppose Assumptions 2.2,2.3, 3.3, 3.5 and 3.6 hold true. Then, for some
constant C > 0, we have

p < Cl(n),
where [(n) is defined as

q M2
) =y 2 4 e pya T M T e M 2t g3

ﬁ
1/2 i
+ 1,0( 5/6 \](/Ij) llog + v,

where My, ¥, M — 0o and y — O when n — oo.

4.3. Asymptotic normality of test statistics. With the above preparation we now derive
the distributions for the test statistics Tl* and Tz* defined in Section 4.1. First of all, under H(l),
we have

52 Y*e

(4.5) nTj = ZZaJk_Aﬂ \/_ \/_—1—01@(1)

j=lk=1

where we recall (3.8). We can analyze T, in the same way using

b c
~2
Jj=ko+1k=1
= (AB)*(AB)
€Y 1 Ye
D A AX™

A Vn
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where A € RP“*P¢ is a block diagonal matrix with the nonzero block being the lower (b —
ko)c x (b — ko)c major part.
Note that ﬁY *e € R? is a block vector with size ¢, where the jth entry of the i-block is

ﬁ Yieh 11 Xk—i €k (%). We can therefore rewrite it as

1 1 & i
—Yf'e=— > b ®b<—),
Vn NVt n

where h; = x;¢;. For i > b, h; can be regarded as a locally stationary time series, that is,
h; = U(;;, ;). Denote the long-run covariance matrix of {h;} as

A@)y= ) Cov(U(, F)). U, Fo)),
j=—00

and we further define
4.6) A= /0 'AW) @ (bb* (1) dr.
For k € N, denote
fi = (Te[(AV2E2A2PYE g = (Te[(A2s 1 a* A T A2V,

We next summarize the limiting distributions of 77" and T'.

THEOREM 4.3. Suppose Assumptions 2.2,2.3,3.3,3.5 and 3.6 hold true. Then, if [ (n) —
0, we have

(1) Under H}, we have

nT — fi

= N(0,2).
)
Furthermore, there exist some positive constants c;, Ci,i = 1,2, such that
Cl§—1§C1, Cziiicz.
bc c
(2) Under H2, we have
nTy — g
ni, — & = N(0, 2).
82
Furthermore, there exist some positive constants w;, Wi, i =1, 2, such that
g 82

Wi, wy < —— < Ws.

V(b —ko)e

Finally, we discuss the local power of our tests. We will only focus on the white noise test
and similar discussion can be applied to the bandedness test. Consider the local alternative

Y2 fy v, jydr
‘ Vbc

The following proposition states that, under H,, the power of our test will asymptotically
be 1.

1
< — <
1= " ko)e —

H,

— OQ.
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PROPOSITION 4.4. Under Assumptions 2.2, 2.3, 3.3, 3.5 and 3.6, when the alternative
hypothesis H, holds true, for any given significant level a, we have

IP’( nT| — fi

2
where Z1_ is the (1 — a)% quantile of the standard normal distribution.

> ﬁZl_a> —1, n— o0,

Proposition 4.4 states that the white noise test has asymptotic power 1 whenever

i fol v2(t, j)dt > «/be/n. In an interesting special case when fol y2(t, ji)dt > /bc/
(nk),i=1,2,...,k, Tl* achieves asymptotic power 1. Note that if k here is large, then we
conclude that alternatives consist of many very small deviations from the null can be picked
up by the £ test T}*. On the contrary, maximum deviation or £°° norm based tests will not
be sensitive to such alternatives.

4.4. Practical implementation. It can been seen from Theorem 4.3 that the key to imple-
menting the tests is to estimate the covariance matrix of the high dimensional vector {x;e;}.
A disadvantage of using (4.5) is that the basis functions are mixed with {x;}. In the present
subsection we provide practical implementation by representing n7}* and nT," into different
forms in order to separate the data and the basis functions. We focus our discussion on n7}".

Fori > b, j < b, denote the vector B j(r’l;) € Rb¢ with b-blocks, where the Jjth block is the

basis b(;l;) and zeros otherwise. Therefore, for all j < b, b <i < n, we have

(o)) T )

Denote q;‘j = IB%;(%)E_I € RY¢ and q;jk as the kth block of q;; of size c. As a consequence
we can write

(4.8) lj n __kXb:Ihkql]’
+

where we recall hy = ¢;xy, (iz:] € R? is denoted by ((i;l;j)s = q?‘jsb(f—l) Denote Q;; €
R=b)bx(n=b)b 44 3 pblock matrix with size b x b whose (ki, k2)th block is qu' (qlz)* Fur-

thermore, we denote

o()-$or al)-La,

Jj=ko

By (4.8) and Theorem 4.3 it suffices to study the following quantity:

o= ) ([ 00ar) =) ),

where X/ is the covariance matrix of h = (hyy1,...,h,)* and z;, ~ N(0,1), I € R®=b)b,
Similarly, we use the following statistic to study H(z):

1
I’ZZTZ>l<>l< = (Ei/ZZL)*(/ Qko(l) dl‘)( i/ZZL)
0

The above expressions are useful for our practical implementation as they provide us a
way to separate the deterministic basis functions and the random part. Hence, we only need
to estimate the covariance matrix ¥ for h. Next, we will provide a nonparametric estimator
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for X7 . Similar ideas have been employed to estimate the long-run covariance matrix in [40]
for fixed dimensional random vectors.

We observe that the covariance matrix of his a (n — b) x (n — b) block matrix with block
size b. We first consider the diagonal part, where each block Ay is the covariance matrix of
hy,k=b+1,...,n. Recall that we can write {h;} into a sequence of locally stationary time
series {U(%, Fi)Yi—p41- Denote

A(t, j) =Cov(U(z, Fo), U(t, Fj)).

The following lemma shows that Ay, which is the kth diagonal block of X, can be well
estimated by A(%, 0) for any k > b.

LEMMA 4.5. Under Assumptions 2.2 and 2.3 and the assumption (2.7), we have

k
A(—, 0) — Ak H = O(I’l_1+4/r).

n

sup
k>b

Next, we consider the upper-off-diagonal blocks. For any b <k <n — b + 1, we find that
for j > b + k, for some constant C > 0, we have

(4.9) Akl <C( —b)~"

where we use a discussion similar to Lemma 2.6 and Gershgorin circle theorem. As a con-
sequence we only need to estimate the blocks Ay; for k < j < k + b. Similar to Lemma 4.5,

we have
k.
n

Hence, we propose to estimate A(¢, j), 0 < j < b using the kernel estimators. For a smooth
symmetric density function Kj defined on R supported on [—1, 1], where h = h,, is the
bandwidth such that 4 — 0, nh — oco. We write

— 0(n_1+4/f).

Finally we define 31 as the estimator by setting its blocks

. ~/b+k ~ ~(k+b .
.10) <2L)kk=A(T,0), (2L>kj=A(T,J),

and zeros otherwise, where k =1,2,...,n — b,k < j <k -+ b. We can prove that our estima-
tors are consistent under mild assumptions.

THEOREM 4.6. Under Assumptions 2.2 and 2.3 and the assumption (2.7), let h — 0 and
nh — oo, for j=0,1,2,...,b, we have

(4.11) s1:p||A(t,j)—1A\(t,j)|| = 0P<b<\/in_h+h2)>.

As a consequence we have

~ 1
(4.12) ||ZL—EL||=O]}D(b2(\/—_h+h2)>.
n
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In practice, the true ¢; is unknown, and we have to use €; defined in (3.13). We then define

A, j) = Ly (k/” )hﬁ* 0<i<b
’ onh h Sl =20

where ﬁk = Xy €. Similarly, we can define the estimation ¥, . The analog of Theorem 4.6 is
the following result.

THEOREM 4.7. Under the assumptions of Theorem 4.6 and Assumptions 3.3, 3.5 and
3.6, we have

o o,
sup At ) = R )] = op(b(ﬁ+h +9n)),

b /1o
6, = _<§c ﬂ +l’l_dal>.
nh n
As a consequence we have

- 1
12— 510 = OP(bZ(—m e e))

By Theorems 4.3, 4.6 and 4.7, we now propose the following practical procedure to test
H(l) (the implementation for H% is similar):

where 0, is defined as

1. For j=1,2,...,b,i=b+1,...,n, estimate £~ using n(Y*Y)~! and calculate
Q;; by the definitions.

2. Choose the tuning parameters b and ¢ according to Section 4.5.

3. Estimate X using (4.10) from the samples {ﬁk}zzb Iy

4. Generate B (say 2000) i.i.d. copies of Gaussian random vectors z;,i = 1,2,..., B.
Here, z; ~ N(0,1). Foreach k = 1,2, ..., B, calculate the following Riemann summation:

" Z Z (ZL20)*Qij (EL2i).
j=li=b+1
5. Let T(l) < T(z) <- T, B) be the order statistics of Tk ,k=1,2,..., B. Reject H(l)
at the level o if 7} > T(L B(l—a)])’ where | x| stands for the largest integer smaller or equal to
x.Let B* =max{k: T (k) < T}, the p-value can be denoted as 1 — B*/B.

4.5. Choices of tuning parameters. In this subsection we briefly discuss the practical
choices of the key parameters, that is, the lag b of the auto-regression in Cholesky decom-
position, the number of basis functions in sieve estimation and the bandwith selection in the
nonparametric estimation of covariance matrix.

Similar to the discussion in Section 4.1, by Proposition 2.7, Lemma 2.8 and Theorem 3.7,
for any given sufficiently large by = by(n), the following statistic should be small enough:

T = Z/ 2(1)dr.

Jj=bi

If the bith to byth off-diagonal elements of & are zero, by Theorem 4.3, 7, is normally
distributed. Hence, we can follow the procedure described in the end of Section 4.4. For each
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fixed b; < bg, we can formulate the null hypothesis as Hgl : kth off-diagonal element of ® is
zero for all k > b;. Given level «, denote

b* = H}Jax{bl < by : HY is rejected).
1

Then, we can choose b = b*. Note that b* + 1 is the first off diagonal where all its entries are
effectively zeros in terms of statistical significance.

The number of basis functions can be chosen using model selection methods for nonpara-
metric sieve estimation. However, due to nonstationarity, the classic Akaike information crite-
rion (AIC) may fail under heteroskedasticity. In the present paper we use the cross-validation
method described in [16], Section 8, where the cross-validation criterion is defined as

1 & &
CV(c)=- —e .

© nl.:Z;(l—vic)2
where {€;.} are the estimation residuals using sieve method with order of ¢ and vj, is the
leverage defined as v;c =y; (Y™*Y)y;, where we recall (3.7). Hence, we can choose

¢ =argminCV(c),

1<c=<co

where cg is a pre-chosen large value.

Finally, the bandwidth can be chosen using the standard leave-one-out cross-validation
criterion for nonparametric estimation. Denote

’

1 N 2 1t .
/O Re.ppoRa.jpdi—= 3 Ryl )

T(h) := sup
Y k=b+1

where t; = ”14, o is the Hadamard (entrywise) product for matrices and K_k is the estimation
excluding the sample hyhy i Therefore, the selected bandwidth is

h= argmin f(h).
h
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SUPPLEMENTARY MATERIAL

Supplement to “Estimation and inference for precision matrices of nonstationary
time series” (DOI: 10.1214/19-A0S1894SUPP; .pdf). This supplementary material contains
numerical simulations, auxiliary lemmas and technical proofs of the paper.
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