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GAUSSIAN APPROXIMATION FOR HIGH DIMENSIONAL
TIME SERIES
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We consider the problem of approximating sums of high dimensional
stationary time series by Gaussian vectors, using the framework of functional
dependence measure. The validity of the Gaussian approximation depends
on the sample size n, the dimension p, the moment condition and the de-
pendence of the underlying processes. We also consider an estimator for
long-run covariance matrices and study its convergence properties. Our re-
sults allow constructing simultaneous confidence intervals for mean vectors
of high-dimensional time series with asymptotically correct coverage proba-
bilities. As an application, we propose a Kolmogorov—Smirnov-type statistic
for testing distributions of high-dimensional time series.

1. Introduction. During the past decade, there has been a significant devel-
opment on high-dimensional data analysis with applications in many fields. In
this paper, we shall consider simultaneous inference for mean vectors of high-
dimensional stationary processes, so that one can perform family-wise multiple
testing or construct simultaneous confidence intervals, an important problem in
the analysis of spatial-temporal processes. To fix the idea, let (X;) be a station-
ary process in R” with mean p = (u1,..., ¢ p)T and finite second moment in the
sense that IE(XI-TX,-) < 00. In the scalar case in which p = 1 or when p is fixed,
under suitable weak dependence conditions, we can have the central limit theorem
(CLT):

1 n o8}
7 Y (Xi—w)=>N©0,%), whereX= Y E(Xo—wXi—m").
i=1

k=—00

See, for example, [4, 14, 20, 37, 44] among others. In the high dimension case in
which p can also diverge to infinity, [33] showed that the central limit theorem can
fail for i.i.d. random vectors if ./n = o(p). In this paper, we shall consider an alter-
native form: Gaussian approximation for the largest entry of the sample mean vec-
tor X, =n~! >, X;. For a vector v = (v, . ..,vp)T, let [v|oo = max;<p |vj].
Specifically, our primary goal is to establish the Gaussian Approximation (GA)
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in R?
(L.1) sup|P(vn] X, — ptloo > u) —P(IZjl00 > u)| — 0,
u>0
where both n, p — oo. Here, the Gaussian vector Z = (Z1, ..., Zp)T ~ N(, X).

Chernozhukov, Chetverikov and Kato [10] studied the Gaussian approximation for
independent random vectors. There has been limited research on high-dimensional
inference under dependence. The associated statistical inference becomes consid-
erably more challenging since the autocovariances with all lags should be consid-
ered. Zhang and Cheng [49] extended the Gaussian approximation in [10] to very
weakly dependent random vectors which satisfy a uniform geometric moment con-
traction condition. The latter condition is also adopted in [8] for self-normalized
sums. Chernozhukov, Chetverikov and Kato [11] did a similar extension to strong
mixing random vectors. Here, we shall establish (1.1) for a wide class of high-
dimensional stationary process under suitable conditions on the magnitudes of p,
n and the mild dependence conditions on the process (X;).

In Section 2, we shall introduce the framework of high-dimensional time series
and some concepts about functional dependence measures that are useful for estab-
lishing an asymptotic theory. The main result for Gaussian approximation of the
normalized mean vector and the choice of the normalization matrix is presented
in Section 3. Depending on the moment and the dependence conditions, both high
dimension and ultra high dimension cases are discussed. In Section 3.1, we apply
our Gaussian approximation result to simultaneous inference of entries of sample
covariance matrices of high-dimensional time series. In Section 4, we shall develop
a Kolmogorov—Smirnov-type statistic for testing distributions of high-dimensional
time series.

To perform statistical inference based on (1.1), one needs to estimate the long-
run covariance matrix . The latter problem has been extensively studied in the
scalar and the low-dimensional case; see [1, 5, 23, 30, 32], among others. In
Section 5, we study the batched-mean estimate of long-run covariance matrices
and derive a large deviation result about quadratic forms of stationary processes.
The latter tail probability inequalities allow dependent and/or non-sub-Gaussian
processes under mild conditions, which are expected to be useful in other high-
dimensional inference problems for dependent vectors. The consistency of the
batched-mean estimate ensures the validity of the quantile estimates of £°° norms
of sample means; see Section 5.1.

We provide in Section 6 some sharp inequalities for tail probabilities for high
dimensional dependent processes in the polynomial tail case. The readers are re-
ferred to Appendix (supplementary material [48])C for the tail probability inequal-
ities in the one-dimensional case under finite polynomial moment and exponential
moment conditions, respectively. Part of the proofs are relegated to Section 7. Ap-
pendix D includes a simulation study.



GAUSSIAN APPROXIMATION FOR HIGH DIMENSIONAL TIME SERIES 1897

We now introduce some notation. For a random variable X and g > 0, we write
X e LTif || X]lq := (E|Xj|‘1)l/‘1 < 00, and for a vector v = (vy, ...,vp)T, let the
norm-s length |v|; = (Z?Zl |v_,-|s)1/s, s > 1. Write the p x p identity matrix as
Id,. For two real numbers, set x V y = max(x, y) and x A y = min(x, y). For
two sequences of positive numbers (a,) and (b,), we write a, =< b, (resp., a, <
by or a, < by) if there exists some constant C > 0 such that C~! < a, /b, < C
(resp., a, /b, < C or a, /b, — 0) for all large n. We use C, Cy, C3, ... to denote
positive constants whose values may differ from place to place. A constant with
a symbolic subscript is used to emphasize the dependence of the value on the
subscript. Throughout the paper, we assume p = p, — 00 as n — 0.

2. High-dimensional time series. Lete;, i € Z, bei.i.d. random elements and
Fr=(...,&i—1,¢); let (X;) be a stationary process taking values in R? that as-
sumes the form

2.1) Xi = (Xi1, Xiz, ..., Xip) | = G(F'),

where G(-) = (g1(), ..., gp(-))T is an R?-valued measurable function such that
X; is well-defined. In the scalar case with p =1, (2.1) allows a very general class
of stationary processes (cf. [35, 38, 40, 41, 43—45]). It includes linear processes as
well as a large class of nonlinear time series models. For example, if ¢;,i € Z, are
1.1.d. d-dimensional random vectors with mean O and E(eiTe,-) <oo,and A;,i >0,
are p x d coefficient matrices with real entries such that > 72, tr(AlTA,') < 00,
where tr(-) denotes the trace of a matrix. Then by Kolmogorov’s three-series theo-
rem, the linear process

0
(2.2) Xi=) Agi
1=0

exists, and it is of form (2.1) with a linear functional G. In particular, the vector
AR(1) process X; = AX;_1 +¢; has form (2.2) with A; = Alif max <, |Aj(A)] <
1, where A is a coefficient matrix and A;(A),...,A,(A) are eigenvalues of A.
Within this framework, (g;) can be viewed as independent inputs of a physical sys-
tem and all the dependencies among the outputs (X;) result from the underlying
data-generating mechanism G (-). The function g;(-), 1 < j < p, is the jth coordi-
nate projection of G(-). Unless otherwise specified, assume throughout the paper
that EX; =0and max <, || X;;ll; < ooforsome g > 2.LetI'(/) = (yjk(l));’,k:1 =
E(X; X z'T+l) be the autocovariance matrix and recall the long-run covariance matrix

o0

(2.3) S=0) = ) TO

[=—0

if it exists. Note that oj; = Zj’i_oo vjj(D), 1 < j < p, is the long-run variance of
the component process X.; = (X;;);ez. For the latter process, following [44] we
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define the functional dependence measure:

24 8iq.j = 1Xij = Xijo)llg = | Xij — g (F )]

q7
where Fiikb = (...,81{,1,8,’(,8;{“, ..., &) is a coupled version of Fi with &
in F' replaced by 8]/(, and ¢g;, 81/, i,l € Z, are 1.i.d. random elements. Note that

Filkk = Fif k > i. To account for the dependence in the process X. j» we define
the dependence adjusted norm

o0
2.5 X jllge=supm+1D*Apg i >0, where Apg =Y 8ig ;.

m=0 i=m

Due to the dependence, it may happen that max ;< || X;; |l < oo while | X.; 4.« =
0o. Elementary calculations show that, if X;;,i € Z, are i.i.d., then || X;;|l4
I1X.jllg,e <201 Xijlly, suggesting that the dependence adjusted norm is equivalent
to the classical £4 norm.

To account for high-dimensionality, we define

IA

p 1/q
W, o= 1r<n.ax I1X.jllge and Yyo= (Z ||X~j||z,a) )
<j<p =

which can be interpreted as the uniform and the overall dependence adjusted norms
of (X;)iez, respectively. The form (2.1) and its associated dependence measures
provide a convenient framework for studying high-dimensional time series. Zhang
and Cheng [49] considered the special case which imposes the stronger geometric
moment contraction condition maxj<j<p Ay 4,; < Cp™ with p € (0, 1) and some
constant C. This assumption can be fairly restrictive. In this paper W, , can be
unbounded in p. Additionally, we define the £°° functional dependence measure
and its corresponding dependence adjusted norm for the p-dimensional stationary
process (X;)

wig=|I1Xi — Xi,{0}|o<>|q;

o
[1X-loo]l, o = sup(m + D% 4, a >0, where Qg =) wig.

m=>0 i=m

Clearly, we have ¥, o < [|X.|llg,e0 < Yg,a-

3. Gaussian approximations. In this section, we shall present main results
on Gaussian approximations. Theorem 3.2 concerns the finite polynomial moment
case with both weaker and stronger temporal dependence. If the underlying process
has finite dependence adjusted sub-exponential norms, Theorem 3.3 asserts that
an ultra-high dimension p can be allowed. Theorem 7.4 in Section 7.1 provides a
convergence rate of the Gaussian approximation.
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Recall (2.3) for the long-run covariance matrix X. Let X9 = diag(X) be the

diagonal matrix of ¥, and Dy = diag(alll/z, e, 0111/72) = Eé/z. Assume = 0. We

consider the following normalized version of (1.1):

(3.1) Pp 1= su%|P(ﬁ|D61Xn|Oo > u) —]P’(|DO_1Z|oo >u)| — 0.
u=

ASSUMPTION 3.1.  There exists a constant ¢ > 0 such that min;<;<, 0;; > c.

To state Theorem 3.2, we need to define the following quantities:
Og.a = Tga A (I |X~|00Hq,<x(10g P)3/2)’ Ly = (V2,¥2,0(log p)z)

Wi = (W5, + Wi o) (log(pn)),  Wa=¥2 (log(pn))*,

1/

W; = (n—cx (log(pn))3/2®q,a)1/(1/2_“_1”),
Ny = (n/log p)?/*/ & Ny =n(log p) W5,

q,0° 2,a°

Nz = (nl/z(lOgp)_l/2®‘;}1)1/(1/2_a).

THEOREM 3.2. Let Assumption 3.1 be satisfied. (i) Assume that O, o < 00
holds with some q > 4 and o > 1/2 — 1/q (the weaker dependence case),

(3.2) Og.an/17 2 (log(pn))* > 0
and
3.3) Limax(Wy, W) =o(1) min(Ny, N»).

Then the Gaussian approximation (3.1) holds. (ii) Assume 0 < o < 1/2 — 1/q (the
stronger dependence case). Then (3.1) holds if ©, 4(log p)l/2 =o(n%) and

3.4 Limax(Wy, Wy, W3) = o(1) min(N3, N3).
REMARK 1. A careful check of the proof of Theorem 3.2 indicates that if it is
further assumed that max; <<, 0;; is bounded from above, the Gaussian approx-

imation is also valid for the nonnormalized maximum, that is, for both cases of
Theorem 3.2,

(3.5) sup|P(v/n|Xploo > u) = P(1Z]00 > u)| — 0.

u>0

REMARK 2 (Optimality of our result on the allowed dimension p). Assume
a > 1/2—1/q. In the special case with ¥, , < 1 and O, , < p'/4, (3.2) becomes

(3.6) p(log(pn))*?? = o(n?/?71),
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which by elementary manipulations implies (3.3), and hence the GA (3.1). It turns
out that condition (3.6), or equivalently p(log p)3Q/ 2= 0om1/? Ny, is optimal up
to a multiplicative logarithmic term. Consider the special case in which X;;, i, j €
Z, are i.i.d. symmetric random variables with E(Xlzj) =1 and the tail probability
P(X;j >u) =u"%€(u), u > ug, where £(u) = (logu)_z. By Theorem 1.9 of [29],
we have the expansion: for a sequence y, > +/n, as n — o0,
P(X e+ X >
(3.7) _(q 1+ + X1 > yn) oL
nyn "£(yn) +1— q)(yn/\/ﬁ)

Let My = X11+ -+ Xn1, Z=(Z1,...,Z,) T ~ N(0,1d,,) and assume

(38) n?2 = o(p(logn)~(log p)~*/?).

Then the GA (3.1) does not hold. To see this, let u = (2log p)'/?. Then pP(|Z;| >
u) — 0, and, by (3.7) and (3.8), pP(M, > \/nu) — oo. Hence, P?(|M,| <
/nu) — 0and P?(|Z;| < u) — 1, implying that

pn 2 [P(V Xnloo < ) = P(1Zjl00 < u)|
= [PP(|My] < /nu) —PP(1Z1| < u)]
= [t =2BM, = Vaw)]” —PP(1Z1] <u)| - 1.

Note that (3.8) is equivalent to n9/>~! = o(p(log p)~>79/?), suggesting that (3.6)
is optimal up to a logarithmic term.

Now suppose there exist 0 < k1 < «3 such that ¥, o, < p“! and O, o =< p*?, and
pt =< n. Elementary but tedious calculations show that, in the weaker dependence
casea > 1/2—1/q,if

2 2/2
3.9 r>max{K72,£+8/q,—<£+8/q)—I—ZIQ},

1/2—-1/q « g\ «
then conditions in (i) of Theorem 3.2 are satisfied, while for the stronger depen-
dence case with 0 < @ < 1/2 — 1/¢, a larger sample size n is required:

2 2

(3.10) r>max{ﬂ,ﬂ+8;q,(1—Za)(ﬂ+8;q)+2x2}.

a o o
The lower bounds in (3.9) and (3.10) are both nondecreasing of k1, k2 and nonin-
creasing in ¢, «.

Next we consider the sub-exponential case in which X;; satisfies a stronger
moment condition than the existence of finite gth moment. Assume that X;; has
finite moment with any order. For v > 0 and o > 0, define the dependence adjusted
sub-exponential norm

1X g,
1X 11y o = sup —L2=

and @y, ¢ =max || X.jlly,.a-
qu q J=P
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By this definition, if X;;, i € Z are i.id., ||X.j|ly, « 1S equivalent to the sub-
Gaussian norm (v = 1) or sub-exponential norm (v = 1/2), due to the equivalence
of | X.jllg,« and || X;jll4. The parameter v measures how fast || X ||, » increases
with g.

To state Theorem 3.3, we let 8 =2/(1 + 2v) and define

1 —1— p—
Ly = ((log p)l/’sﬂ/zd)%,a) /a, N4 =n(log p) ! Z/ﬁq)wio,

Wy = (log(pn))3+2/ﬂd>12ﬁu’0 + (log(pn))4.

THEOREM 3.3. Let Assumption 3.1 be satisfied. Assume that ®, o < 00 for
some v >0, a >0 and

(3.11)  max(Ly, Ly) max(W;, Wy) = 0(Ny), { max(Wy, Wy) = o(n).

Then the Gaussian approximation (3.1) holds.

If @y, « < 1, then the ultra high-dimensional case with log p = o(n) with some
¢ > 0 is allowed, where specifically we can let

1/@+2/a+2/B), 2/3<B=<2,
(3.12)  c=11/[7+1/B+1/2)(1/a+2)], 1/2<B <23,
1/[3+2/8+1/8+1/2)(1/a +2)], 0<p<l/2

3.1. Simultaneous inference of covariances. Let Xi,...,X, be iid.
p-dimensional vectors with mean 0 and covariance matrix I'g = (ij)j?, k=l =
E(XiXI.T). We estimate ['g by the sample covariance matrix f‘o = (J;J'k)f,k=1 =
n-! ;-":] X iXiT . To perform simultaneous inference on yjx, 1 < j, k < p, one
needs to derive the asymptotic distribution of the maximum deviation
max; x<p |)7jk — ¥jk| or the normalized version max  x < |)7jk —Vjkl/Tjk; cf. equa-
tion (2) in [46]. The former is also referred to as the mutual coherence of the data
matrix in the compressed sensing literature (see, e.g., [15]). Jiang [21] established
the Gumbel convergence of the maximum deviation under some polynomial mo-
ment condition and under the setup that all entries of X; are also independent.
See [26, 28, 50] and [25] for some refined results. Cai and Jiang [7] showed that
max|j—k|>s, |)7jk — ¥jk| also converges to the Gumbel distribution if (X;;)1<;<p is
Gaussian and s, -dependent for each i. Xiao and Wu [46] considered the extension
to the non-Gaussian case and allowed a general dependence structure among en-
tries of X;. However, the latter two paper both require that the vectors X1, ..., X,
are i.i.d. The problem of further extension to temporally dependent X; is open. In
analyzing fMRI functional connectivity in brain networks in the format of multi-
variate time series, researchers use the maximum correlation between time series
to identify edges that connect the corresponding nodes in a network (cf. [13, 18,
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19, 24], among many others). Such applications suggest that an asymptotic theory
for maximum deviations of sample covariances is needed.

Our Theorems 3.2 and 3.3 can be applied to the above problem of further exten-
sion to temporally dependent processes. Let (X;) be a mean zero p-dimensional
stationary process of form (2.1). To apply Theorems 3.2 and 3.3, one needs to
deal with the key issue of computing the functional dependence measure of the
pz—dimensional vector A; = vec(X; XiT — E(XiXiT)). Interestingly, our frame-
work allows a natural and elegant treatment. Let a = (j, k), j,k < p and &}, =
XijXik — Va» Where y, = E(X;;X;i). By Holder’s inequality, the functional de-
pendence of the component process (X;,);:

iq/2.a = | Xij Xik — E(Xij Xik) — Xij 0y Xik. 0y + EXij 10 Xik, 0D [, 2

< 201X Xix — Xij 101 Xik. 0y lg/2
(3.13)
< 2| Xi; (Xik = Xikop) |2 + 21 (Xij = Xijop X014 2

< 211 Xijllg0i,q.k + 211 Xikll40iq, ;-
Hence, we can have an upper bound of the dependence adjusted norm of (&j,)

Xallg/2.a = Sup(m + D prz a/2.j.k

i=m

< 201X jllg.oll X kllg.a + 21X kllg,0l X jllg.a-

(3.14)

Consequently, the uniform and the overall dependence adjusted norms of A; are

<Z E2 IIZ?%a) (ZIIX ”q/z) (Z X, ||q/2>2/q,

Similarly, the £ dependence adjusted norm for the process (X;) can be calculated
by

(3.16) 11100l g /2.0 = 411X ool 401X 10l 4.
With (3.13)—(3.16), conditions in Theorems 3.2 and 3.3 can be formulated accord-

ingly, and under those conditions we can have the following Gaussian approxima-
tion:

(3.17) sup‘IP’(fmaxlya Yal/Ta > ) — P(m(?x |Za/Ta| > u)‘ — 0,

u>0

max ”X ||q/2 a = 4\1111 OlIJq o
(3.15)

where Z = (Z,)a ~ N(0, Xy), Xy is the p2 X p2 long-run covariance matrix of
(X;); and (taz)a is the diagonal matrix of X x.
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4. A uniform test for distributions of time series. In this section, we shall
apply the Gaussian approximation result Theorem 3.2 and test distributions of time
series. For the process (X;) defined in (2.1), let F;(u) =P(X;; <u), u € R, be
the cumulative distribution function (c.d.f.) of X;;, 1 < j < p; let F;o(-) be the
reference c.d.f. We are interested in testing the null hypothesis:

“4.1) Hy:Fi(-)=Fjo() forall j=1,...,p

In the classical Kolmogorov—Smirnov test with p = 1 and i.i.d. data X;{, i € Z,
one uses a test statistic that involves the supremum distance between the empirical
and the reference c.d.f.s. Here, we shall apply a smoothing procedure and consider
testing an equivalent form of (4.1). In particular, we let 2 (1) = H'(u) be a proba-
bility density function (p.d.f.) such that 4 («) > O for all u € R, sup, 2(#) < oo and
let

4.2) Hj(u):/RFj(v)h(u—v)dv and Hjﬁo(u)szFLo(v)h(u—v)dv.

For example, we can let i(-) be the standard Gaussian p.d.f. In this case, H;(-)
is the c.d.f. of X;; +n, where n ~ N(0, 1) is independent of X;;. Here, we shall
consider testing the following equivalent form of (4.1):

4.3) Hy:H;(-)=Hjo(-) forall j=1,...,p

by using the goodness-of-fit test statistic of the form sup, .7 |PAIj (u) — Hjo(u)l,
where Z C R is an interval and H j(u) is an unbiased estimate of H;(u):

. 1
(4.4) Hj(u):r_lZH(u_Xij)‘
i=1

Similar smoothing ideas appeared in the literature. Researchers applied kernel
smoothing to overcome the shortcoming of discontinuity of empirical distribution
functions; see, for example, [3, 9, 16, 36, 42, 47], among others.

Here, we shall develop a Gaussian approximation theory for
4.5) A, := max sup f|H (u) — Hj(u)|.

1<j=puer

To this end, we shall carry out a detailed calculation for the functional dependence
measures defined in Section 2 of H(u — X;;). For presentational clarity here, we
only consider marginal distributions and linear processes (X;) defined in (2.2).
We remark that our approach also applies to testing for joint distributions and for
nonlinear processes.

ASSUMPTION 4.1. The process (X;) is of form (2.2) with g =
(&i1, ..., €q) ", where gij are ii.d. with mean O and |&;;|l, < o0, y > 2; and
coefficient matrices A; = (a;, jk) j<p, k<a satisfy Y {2 0tr(ATA ) < o0.
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For j,k=1,..., pand u, v € R, define the long-run covariance function
o
(4.6) ojk,v)= > Cov(H(u— Xoj), H — Xp)).
[=—00
Let {Z;j(u),j=1,..., p;u € R} be a mean 0 Gaussian process such that its co-

variance function is given by (4.6).

ASSUMPTION 4.2. There exists a constant ¢ > 0 and a closed finite interval
7 C R such that minj <<, min,ez o j(u, u) > c.

THEOREM 4.3. Let Assumptions 4.1 and 4.2 be satisfied, and suppose there
exists a constant C1 > 0 such that for all m > 0,

e d
(4.7) 3 <Z max a;. x|

i=m \k=1

min(y /g.1)/2
) =Cidvm)~™

holds for some q > 4 and o > 0. Let t = min(y /q, 1)/2. There exists some con-
stant k > 0 depending on a and t such that if p satisfies

4.8) log p = o(n"),

we have

4.9) sup‘]P’(\/ﬁAn >u) — IP’( max sup|Z;(x)| > u)‘ — 0.
u>0 I<j=dxer

REMARK 3. A careful check of the proof of Theorem 4.3 indicates that, for
the index « in (4.8), wecanletk = k1 = [(2t+2)/a+ 8+ 111" ifa > 1/2—1/q,
and xk = min(k1, /3 +))ifO0<a <1/2—-1/q.

For i.i.d. random vectors, [22] considered uniform convergence of empirical
distribution functions. Theorem 4.3 might be the first result in the literature con-
cerning weak convergence of empirical processes in the high-dimensional setting
under dependence.

PROOF OF THEOREM 4.3. We shall divide the proof into 5 steps: discretiza-
tion of the empirical process; representation of the covariance function; continuity
of the approximating Gaussian process; computation of the functional dependence
measures; and application of Theorem 3.2.

Step 1: discretization of the empirical process. Without loss of generality, let
Z =10,1]. Let £ =n? and uy =L/L,L=1,...,L.For V={({,0):1<j<
p, 1 <t < L}, define the (pL)-dimensional vector M; = (M;,)yey with M;, =
H(ue — X;j) —EH(ug — X;j) forv=(j, ) e V.Let M,, =n~1 Y7_; M;. Since
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H (-) is increasing and ko = sup, h(u) < oo, we have by the triangle inequality
that

ho/n _ ho

L nyn

Step 2: representation of the covariance function. Define the projection opera-
tor P1. = E(-|F') —E(-|F~!) and

(4.10) |An — /Myl <

o0
(4.11) Diw =Y P Hu—X;), j=1....p.
=0

Recall (4.6) for o ¢ (u, v). By the orthogonal decomposition,
0
H(u—Xoj)) —EH@w —Xoj)= > P"H(u— Xo;)
m=—o
and the stationarity of (X;), we have the representation
o0 o0
ojxw,v)= > Y E[P"H@u— Xoj))P"H— X)]
|=—com=—00
= IE[DJ- (u) D (v)].

Since PYH (u — X;j) = E[H (u — X;;) — H (u — Xy;.10))|F°], by the first inequality
in (4.21) and Jensen’s inequality, we have

4.13) | P H@u - Xi)| < |H@w— Xij) — H(u — Xijq0p) | < 2hobilleijill,

4.12)

where b = (X_; max; |a; jx|)'/2. By (4.7), #{i : b = 1} < C1. If b; < 1, then
b; < b;nm(l’y/q). Hence, Y72, b; <2C and

4.14) (07, )" = |D;) | < S|P°H @ — Xij)| < 4Ciholleij .
=0

Step 3: continuity of the approximating Gaussian process. Let ¢ =|u —v| < 1.
Then |H(u — X;j) — H(v — X;;)| < ho¢. By (4.11) and (4.13),

o0
(4.15) |Dj() — Djw)| <) min(4hoby e} |, ho?).

1=0
By (4.7), since 2t <1 and ¢ < 1, we have Z,‘Oim min(b;, ) < Cym~* for all
m>1.Let J = [¢~1/(+®)7 Then

J )
Y min(b;, {)+ Y min(b;, ) < (J + 1) +C1J 7
i=0 i=J+1

(4.16)
< (Cy +3)¢g/ I+,
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Hence, by (4.12) and (4.15), for C2 = ho(4]l&;; || + 1)(Cy + 3) we obtain

@.17) |Z;w) — Z;)|> =0j @, u) + 0 (v, v) — 20/ (u,v)
. =|Dj(v) — Dj(u)||2 < C%W — /(e

when |u —v| <1.Let0<¢t<1and A =«a/(1 + «). By (4.17) and the Fernique
inequality (cf. Section 4.1.3 of [17]), there exists constants cy, ¢z, ¢3 > 0 only de-
pending A such that for all w > ¢, Cat*,

(4.18) IP[ sup |Z;(v+y) — Z;(v)| = w] <11 — ®(c3w/(Cat™)],

O=<y=t
where ®(-) is the standard normal c.d.f. For u € Z = [0, 1], write |u], =
L7 Lu], where |-] is the floor function. As u changes from O to 1, [u], take
values ug, uy,...,ur. Let
(4.19) w = C3L*(log(pn))"/?,
where Cj3 is a sufficiently large constant. Then by (4.18), we have

IP’[ Is:lp. |Zj(w)—Zj(lulg)| = w] < pLei[1 — ®(c3wLlt/ Cy)]
@20 7 c
<4

pn
Step 4: computation of the functional dependence measures. We  shall  first
bound the functional dependence measures of the vector process (M;); which
is induced by H(u — X;;). Let &, &yj7,1,i', j, j' € Z, be i.i.d. random variables
and ] = (g, ..., slfd)T. Note that X;; — X;; 10y = ai,j.(€0 — (), where a; ;. is the
Jjthrow of the A; = (a; ji) j<p k<a- Then

sup|H (u — X;j) — H(u — Xijop)| < min(1, kol Xij — Xij 03])
u
(4.21) =min(1, ho|a; j.(g0 — &5)|)
< (holai ;. (e0 — o) )™/
Recall b; = (Zzzl max ; |ai,jk|2)l/2. By Lemma C.5, we have

< Csb;,/log p,

L _ /
(4.22) Hmjax|al,j.(80 80)|‘min(y,q)_

where the constant Cs depends on y, g and ||&;; ||, . Hence,

i 1/q
|sup| H (u = Xij) — H(u — X,-j,{O})!Hq <[E max (holai.j. (0 — &) )™
J.u

< Ce(log p)'b}",
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which by (4.7) implies

o0
Mool = supton + 1D 3 |max|H (xe = Xi) = H e = Xig o)l |
= i=m

(4.23)
< C7(log p)'.

Then we can obtain the upper bounds of the dependence adjusted norms by
4.24) Oy < (log(pL))™*[[IM.Ioo] Va0 < W0 < 1M oo, o

Step 5: application of Theorem 3.2. By Theorem 3.2 [cf. (3.5) in Remark 1,
which is applicable here in view of (4.14) and Assumption 4.2], we have

q,o’

(4.25) sup ‘P(ﬁ|Mn|oo > u) — IP’(maxmaX|Zj(ug)| > u)‘ -0,
u=>0 J<p t=L

if the conditions of Theorem 3.2 are satisfied. Specifically, we have L| =
O([(log p)* (log pn)*1"/*), max(Wy, W2) = O((log p)*(log pn)’) as well as
n(log pn)_4(log p)_z‘ = O (min(Ny, N3)). For « > 1/2 — 1/q, there exists some
k depending on « and ¢ such that if log p = 0(n"*), (3.2) and (3.3) hold. The other
case with 0 < @ < 1/2 — 1/g can be dealt with similarly. Since

(4.26) <% + p%),/log(pﬁ) -0,

by the triangle inequality and Theorem 3 of [12], (4.9) follows in view of (4.10),
(4.20), (4.25) and (4.26). O

5. Estimation of long-run covariance matrices. Given the realization
X1, ..., Xy, to apply the Gaussian approximation (3.1), we need to estimate the
long-run covariance matrix X. Note that X /(2m) is the value of the spectral den-
sity matrix of (X;) at zero frequency. In the one or low-dimensional case, there is
a large literature concerning spectral density estimation; see, for example, [2, 27,
30, 34, 39] among others. Assume EX; = (0. We then consider the batched mean
estimate:

A 1 & 1 & T

5.1 S=— N1y, = — ( X>< X-) :

o 21 BB N &

where the window L, ={14+ b —-1)M,...,bM},b=1, ..., w, the window size
|Lp| = M — oo and the number of blocks w = |[n/M |. Theorems 5.1 and 5.2 con-
cern the convergence of the above estimate for processes with finite polynomial
and finite sub-exponential dependence adjusted norms, respectively. The conver-
gence rate depends in a subtle way on the temporal dependence characterized by «
[cf. (2.5)], the uniform and the overall dependence adjusted norms W, , and Y 4,
respectively, the same size n and the dimension p.
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THEOREM 5.1.  Assume W, o < 00 with g >4, a > 0, and M = O(n°) for
some 0 < ¢ < 1. Let Fy = wM (resp., wMi/2=2q/2 o wq/4_“‘1/2M‘7/2_“”//2)f0r
a>1—-2/qg (resp., 1/2—-2/g <a<1—-2/qora<1/2—2/q). Then for x >
JWMY?2  we have

q.a’

. . F X! Cy.ax?
(5.2) P(n|diag(¥) — Ediag(¥)|,, >x) < — q’“+pexp(—q’7"‘x>,

2 4
x4/ wM2Wy
S PF Yo Cy X’
_ <= D7 4=
(5.3) Pn|X —EX|e >x) S P + p-exp ” ijj:a

for all large n, where the constants in < only depend on ¢, a and q.
Under stronger moment conditions, we can have an exponential inequality.

THEOREM 5.2.  Assume @y, o < oo for some v > 0. Then for all x > 0, we
have

4) P(n|diag($) — Ediag(S S B
(5.4) P(n|diag(X) — Ediag( )}oozx)NPEXp< 4ey(x/5MCD12/fu,o)y),

N N Y
(5.5) P(n|$ — ES|oo > x) < p? exp(— A )
4ey(\/EMd>%’O)V

where y = 1/(1 + 2v) and the constants in < only depend on v.

REMARK 4. An alternative estimate of X, which also works with unknown
mean EX;, is

(5.6) i:mi(z Xi—M)_()(Z Xi —M)?)T,

where X = (wM)~' XM X;, w = [n/M]. Then | — | = M|X|2,. Applying
Lemma C.2 to Y X;;, one can conclude that Theorems 5.1 and 5.2 still hold
for £ with E. therein replaced by Xy, := iAi_M(l —|i]/M)T; (which equals to
ES if EX; =0).

COROLLARY 5.3. (i) Under conditions in Theorem 5.1, we have If) — Yoo =
Op(R,,), where

Ry =n""max{p*4F2/1} , JwMV; . logp. VwMV; }

+ W oW o V(M),

(5.7)
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with viM) =1/M ifa > 1, v(M) = (logM)/M if a« = 1 a@d v(M) =1/M% if
0 < «a < 1. (i) Under conditions in Theorem 5.2, we have |X — X|sc = Op(R))
with
(5.8) Ri=n""JwM®} (ogp)'/" + W00 4v(M).

The above corollary easily follows from Theorems 5.1 and 5.2 since the bias
1Zm — Zloo S V2,0V2,4v(M); see the proof of Lemma 7.3.

5.1. Computing approximated cutoff values. To apply the Gaussian approx-
imation (3.1) for hypothesis testing or construction of simultaneous confidence
intervals, we need to compute xg, the 6th quantile of | Dy 1Z|oo, 0<0 < 1. The
latter can be computed by simulation if the long-run covariance matrix X is known.
When it is unknown, we shall use the estimate ¥ in (5.6). Let 130 = [diag( )12
We estimate xg by xg, the conditional 6-quantile of |DO_ Y 277|Oo given (X)),
where n ~ N(0,1d,) is independent of (X;)7_,. Note that Xy can be computed
by extensive simulations. This is a Gaussian multiplier resampling method using
estimated long-run covariance matrices. Given the level @ € (0, 1), we can reject
the null hypothesis Hp : u© = po at level o if ﬁ|f)al ()_(n — 10)|oco > X1—a- The
(1 — a)th simultaneous confidence intervals for 4 = (uy, ..., u p)‘r can be con-
structed as 1 £ X1—a0 jlj/ 2 /a/n, 1 < j < p. Corollary 5.4 concerns validity of this
approach.

COROLLARY 5.4. (i) Let conditions of Theorem 3.2 and Theorem 5.1 be sat-
isfied. Further assume R, log*> p — 0 with R, given by (5.7). Then

(5.9) sup |P(v/n|Dy' Xl > R1-6) — 6] — 0.
0e(0,1)

(ii) Under conditions of Theorem 3.3 and Theorem 5.2, if R} log2 p — 0 with
R} given by (5.8), we have (5.9).

PROOF. (i) Recall (3.1) for p,. Let A, = /n|(Dy"' — Dy")Xylo0- By the tri-
angle inequality and Theorem 3 of [12], for w > 0, we have

Pn = su£|P(\/ﬁ|l~)al)_(n|oo > u) —IP(|D61Z|OO > u))|
ue

IA

pn 4 sup P(||Dy ' Zoo — u] < w) +P(A, > w)
uelR

S oo+ wy/logp +P(A, = w).

Let V, = maxlfjfpl(ajj/@j)lﬂ — 1] and L, = maxj<j<p|oj; — 0j;|. Then
Ay < Vo/n Dy anIOO. Let ¢ be the constant in Assumption 3.1. On the event
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Ao ={L, <x}forx <c/2, we have V,, <2L, /c. Hence,
P(Ay = w) <P(V, = 2x/c) + P(v/n| Dy ' Xu| o = cy/2)
<P(Ly>x)+ pu+P(Dy ' Z| o, = cv/2),

where w = xy, 0 <x < c¢/2, y > 0. It follows that
Pn S on 4+ xy/log p +PB(Ly, > x) +P(|Dy ' Z| > cy/2).

We let y = C{/log p, where C > 0 is a sufficiently large constant. Note that the
marginal variances of D 1Z are 1. Let

1
= max{F 97 , VWM ,\/log p. VWMWY ) + W3 0¥ g0 (M).

Let x = r,+/log p. Since R, log? p — 0 and r, < R,, by Corollary 5.3, we have
P(Ap) — 1. Theorem 3.2 ensures p, — 0. Hence, p, — 0.

Let T, =|E — oo and W, = maxi<j<p |0jj/0jj — 1|. By the elementary in-
equality |1 — v/ab| < |1 —a|+ (1 —a)*>+ |1 — b| + (1 — b)?, we have

~ -~ ~ — ofi O7(/(
1Dy'£D;" - Dy'eDy |, < max <Gf" Oik ‘ VI D
(5 10) 1<j.k<p /0 jjOkk OJJO'k
' T, , 3T, 212
< oW, +owEis Th 4 S
C C

Let event A ={T,, < z,} where z, = R,l/z/logp. Since R, logzp — 0, we have
Zn/ Ry — 00. By Corollary 5.3, P(A) — 1. Since z, — 0, by (5.10) and following
the arguments of Theorem 3.1 in [10], we have

- ~ B 3z, 2722
sup |P(ﬁ|Do IXn‘oo = X1—9) - 9‘ < Pn +7T<_ + _) + P(Ty > zn),
6e€(0,1)
where 7(z) = z!/3(1 v log(p/2))?/3. Since R, log? p — 0, (5.9) follows.
(i1) The proof is similar to (i), and thus is omitted. [

6. Inequalities for high-dimensional time series with finite polynomial mo-
ments. Tail probability inequalities play an important role in simultaneous infer-
ence. In this section, we shall derive powerful tail probability inequalities for high-
dimensional stationary vectors; cf. Theorems 6.1 and 6.2. They are of independent
interest. The proofs require Theorem 4.1 of [31], a deep Rosenthal-Burkholder-
type bound on moments of Banach-spaced martingales, and Lemma C.6, a Fuk—
Nagaev-type inequality for the sum of independent random vectors. We refer the
readers to Appendix C for tail probability inequalities in the one-dimensional case
under finite polynomial or exponential moment conditions.
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Let X; be a mean zero p-dimensional stationary process and T, = >/ | X;,
Tom =27 Xi.m where X; ,, = E(X;|gj—., ..., &;). We are interested in bound-
ing the tail probabilities of P(|7;, — T, mloo > x) and P(|T,|oc > x) for large x.
Write £ =£¢(p) =1V logp.

THEOREM 6.1. Assume |||X.|xcllg,0 < 00, where q > 2 and a > 0, and
Yy o < 00!
() Ifa>1/2—1/q, forx 2 «/nf‘llz,am_“+nl/q£3/2|||X.|oo||q,am1/2—1/‘1—0f,

nl42)|1X oolld Cy.ax’m?
+exp( —————
med+1—q/2yq ”‘I’ga

IED(|Tn - Tn,mloo = x) 5

holds for all 1 <m < n, where the constant in < only depends on q and «.
(i) If0 <o < 1/2—1/q, then for x 2 v/ntWs om=* +n'/272032 ||| X |l g.a>

]P(|Tn - Tn,m|oo = x) S

I’lq/2 (xng/Z X. d C xzmz"‘
q||| |oo||q,a ( q,o )
X

2
n\Ilz,a

PROOF. Let s =¢ =1V logp. Then P(|T,, — T mleo = x) is equivalent
to P(|T,, — T,.m|s = x), since for any vector v = (vl,...,vp)T, Voo < |V]s <
Y5 |v]so. Let L = [(logn —logm)/(log2)|, wy =2 if 1 <l < L, wy = |n/m]
and 7y =mw; for 1 <l <L, 19=m, 1y =n. Define M, ; =T, ¢ — Ty _, for
1 <[ < L and write

L
(6-1) Tn - Tn,m == Tn - Tn,n + ZMn,l-
=1

Notice that 7, — Ty, » = Y52, Tn, j+1 — T»,j. By Lemma C.5,

J

00 00
”|Tn - Tn,n|s”q = Z”lTn,j-H - Tn,j|s||q = Z Cq(ns)l/zwj—l—l,q,
j=n

j=n

where the constant C, only depends on ¢g. By Markov’s inequality, we have

204
(6.2) IP(|T — Tyl >x) < T, — Tnnls”g < Cq(ns)‘I/ Qn—l-l,q
: n n,nls = < ‘

x4 - x4
Foreach 1 <[ < L, define
(it)An
Yii= Y. (Xpy—Xiq). forl<i<|n/ul;
k={—-1)7+1
2,1 = Y;; and RZ,: = Z Yii.

i is even i is odd
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Letc=¢g/2—1—ag;let \;=1"%/(n?/3)if 1<l<L/2and ;= (L +1—
D72/(x?/3)if L/2 <1 < L. Since Y;; and Yy ; are independent for |i —i'| > 1,
by Lemma C.6, for any x > 0,

P(|Ry | — 2E[Ry [ = Aix)
< Cq Y is even EIYi1I{ 4 eXp(_ (hix)? 2)
(Arx)4 32;’ is even |0Yi7l|s
where oy, ; = ([ Yirll2. - ... | Yipill2) . By Lemma C.5,
u X ool
1Y ls ||q < Cy(us)' Py, where @y 4, = Z Wk,q < #
k=141 Ti—1
For 1 < j < p, by Theorem 3.2 of [6],
< < 1X.jll2,
1Yijill2 < /Tbi2,j, where 6,2 j = Z Sk, 40[’
k=1_1+1 Tl_l

which implies |oy, ;s ST 172 7,1 W2,4. So, we obtain

P(|Ry |, — 2E[R;; ;| = Aix)

(6.3) /21 ~
Cli’mq/2 T[ l,q CZ()\lx)zflz_al
< 7 7 +expl ———>5— |
X Al n\Ilz’a

By Lemma 8 in [12],
1/2—1/q ~
E[R; |, S v/nst W e +n'/1s7 g, Vg L.q

- Vns¥a | n9 X oollg,0
~ (mwy)¥ (may) =<l .

Notice that Afl (mw;)/4 < n¢/ for ¢ > 0 and min;= A;wl_c/q > 0 for ¢ <0, and

min;>o A;o)* > 0. Hence, E[R; 1|s < A;x always holds and (6.3) implies

/2=1~q 2
Cins?/?2 ) Cy(Mx)2t?
ns ) 1 l,q +6Xp( 2( 1 ) 1— 1>‘

x4 A;’

64)  P(R[, = 1) <
o n\DZ,a

A similar inequality holds for R} ;. Let

L L 242 2«
w Csx“ Mo
Z—q and BZZGXP<—%>-
= M =1 nm "Ij2,ot
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Since Y/~ A < 1 and [Myls < RS |5 + RS, I, by (6.4),

7 :

L
> 2x) <Y P(IMpls = 2hx)
\)

L
ZMn,l

=1

=1
(6.5) < 2 IP(IRY s = Mx) +P(IR7 | = Ax)]
=1

3 C3nm®s92 ||| X | o 1 o

A+ C4B.

x4

Let v := min;> klzwlza > (0. By the definition of @; and A; and by elementary

calculations, there exists a constant Cg > 1 such that for all r > 1,

L
(6.6) > " exp(—Cstajw™) < Coexp(—Cstv).
=1

If ¢ > 0, it can be obtained that A < C7m; < C7n/m°. If ¢ <0, then A < Cs.
Hence, combining (6.1), (6.2), (6.5), (6.6), Theorem 6.1 follows. [J

THEOREM 6.2. Assume |||X.|xcllg,0 < 00, where q > 2 and a > 0, and
Uy o <o00: (i) Ifa > 1/2 — 1/q, then for x 2 N/ntWs o +nV9632||X | llg.as

Cy €121 X.|soll? Cy.ax?
6.7) P(|Tn|oo ZX) < q,all Il |oo||q,oz 4 Cq,a exp(— q,azx )
xq n‘ljz’a

(i) If 0 < & < 1/2 — 1/q, then for x 2, x/n€Ws o + 12740372 X ||l 4.0

C, n?/272909/2||| X | 0o 12 C, x>
_ Gy Il |oo||q,a+cq’aexp(_ q,otz >

n 2,a

(6.8) P(|Tn|oo Zx)

x4
PROOF. The proof is similar to that of Theorem 6.1, and thus is omitted. [

7. Proofs of Theorem 3.2 and Theorem 3.3. The main result in this section
is Theorem 7.4, which provides an error bound of the Gaussian approximation.
Theorems 3.2 and 3.3 follow from Theorem 7.4.

7.1. An error bound of the Gaussian approximation. We shall apply the m-
dependence approximation approach. For m > 0, define
(7.1) Xim = Xitms - Xipm) | =E(Xil&i—m» €imt1s -, &)

Write Tx = Y7, X; and Tx » = >/ Xi m. For simplicity, suppose n = (M +
m)w, where M > m and M, m, w — oo (to be determined) as n — co. We apply
the block technique and split the interval [1, n] into alternating large blocks L, =
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[(b—1D(M+m)+1,bM + (b — 1)m] and small blocks S, = [bM + (b — 1)m +
1,b(M +m)],1 <b<w.Let

w w
Yo=Y Xi.  Yem=) Xim: Tr=>_ Y. Trm=)_ Yom
i€Ly ieLy b=1 b=1

Let Z,, 1 <b <w, be iid. N(O,MB) and Z , be i.i.d. N(O, Mé), where the
covariance matrices B and B are respectively given by

(72) B=bij)! ;- =Cov(Yp/vM) and B=(b;j)!;_; =Cov(Ypnu/VM).
Write Tzm = > j_y Zb.m and let Z ~ N (0, X).

LEMMA 7.1. (i) Assume O, o < 00 for some q > 2 and o > 0. Then there
exists some constant Cy o such that for y > 0

(7.3) P(Tx = Trmloe 2 ¥) S T+ 500 =2 f*(»)

where the constant in < only depends on q and o,

3 L C ’ y2m2a
y Inm4/?~1 ‘“]@Z’a-i-pexp(—iqa 5 ),
nlllz’a
won a>1/2-1/q,
(7.4) iy = o Cyay’m™
y In Of o +pexp| ———5—,
”q"z,a
a<1/2—-1/q,
and
Cy.ay?
“Twm®?  + pex (—L),
y g, T PEXP mwlIJ%a
a>1/2—-1/q,
5 HO)= 2= €0y
y 4 (wm)q/Z—ocq@Z’a =+ pexp(—%),
wm\lfla
a<l1/2—-1/q.

(ii) Assume Oy, 4 < 00 for some v > 0 and o > 0. Let B =2/(1 + 2v). Then
there exists a constant Cg > 0 such that for y > 0,

(7.6) P(ITx — Tymloo = ¥) S [T+ f5 () =1 (),

where the constant in < only depends on B and «,

« \B
O =pexp{—cﬁ(%) }

L) = PBXP{—Cﬁ<m>ﬁ}.
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LEMMA 7.2. Let D = (d; j)f j=1 be a diagonal matrix. Assume that there exist

constants ¢ > 0, ¢ > ¢ > O suchthat c < minj<j<,d;jandcy < l;jj/dj‘,- <cj for
all 1 < j < p. Assume WV, o < 00 for some q > 4. Then for all A € (0, 1),

SuplP(D Ty i =0) ~ B(D~ 2T i =)
te

S w AWV W) log(pw/2)) 7 4 w2 (log(pw/ 1)) P (3) + 2
= h()\" Mm()\’))’

where the constant in < depends on c, ¢y, cy and g and « for (i), and B for (ii)
below, and up (X)) < u} (A) in (i), and uy (1) < u;, (1) in (ii).
(1) Assume Oy o < 00 for some g > 4 and a > 0, then

max{@tl’a()flw)l/qu/q*I/z, W) o+/log(pw/r)},

. " max{@Q,Q(A_lw)l/qM_“, W) o/log(pw/r)},
a<1/2—-1/q.
(i1) Assume ®y, o < 00 for some v > 0. Then
(7.8) U8 (h) = max{®y, o(log(pw/1))""?, Jlog(pw/r)}.

LEMMA 7.3. Assume W3, < 00 for some o > 0. Let D = (dij)szl be a
diagonal matrix such that there exist some constants 0 < C| < Cy such that C; <
0jj/djj < Cy forall 1 < j < p. Then we have

splE(D™ T il 1)~ B((D72] <)
te
—1 _
S T[(lrfnja;(pdjj Wo oW 0(m ™ +v(M)) + wm/n),

where w(x) = x3(1v log(p/x))z/3 for x > 0 and v(M) is the same as defined in
Corollary 5.3.

THEOREM 7.4. Let Y9 = diag(¥) and Do = Eé/z. Let Assumption 3.1
be satisfied. (i) Assume ©g4 4 < 00, where q > 4 and o > 0. Let x(m, M) =
W) oW o(m™ + v(M)) + wm/n, where v(M) is given in Corollary 5.3. Recall
(3.1) for py,. Then for every A € (0, 1) and n > 0,

(7.9) pn S f*(nn) +ny/log p +h(x, uy, (W) + 7 (x (m, M)).

(i1) Assume @y, o < 00, where v > 0 and o > 0. Then for every A € (0, 1) and
n>0,

(7100 pu S fOWnn) +n\/log p + k(X uy, (W) + 7 (x (m, M)).
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PROOF. (i) By Lemma 7.2(i) and Lemma 7.3, we have for every A € (0, 1),

suﬂg!P(!DalTy,m/ﬁ!oo <t)-P(D;'Z|,, <1)|
te

(7.11)
Sh(rup, (V) + 7w (V2,0W2,0(m™ +v(M)) +wm/n).

Observe that the Gaussian vector D, 1Z has marginal variance 1. By Theorem 3
of [12], for every n > 0,

(7.12) fzﬂgP(HDO_lZ]oo—t] <n) S nyflog p.
By the triangle inequality, for every n > 0, we have
sup[P(| Dy Tie/ v/l > 1) =B(1 Dy T/ v/t > 1)]
<P(1Dy ' (Tx = Ty,w)/v/nl o > ) + f:ﬂgP(HDo“Ty,m/x/ﬁloo —1[ =),
which implies Theorem 7.4(i) in view of Lemma 7.1(i), (7.11) and (7.12).

(ii) Inequality (7.10) can be obtained by replacing f* and u, with f° and u},
in the above proof. [J

7.2. Proofs of Theorem 3.2 and Theorem 3.3.

PROOF. Recall (7.3) for f*(-). By Theorem 7.4, for @ > 1/2 — 1/q, to have
(3.1), we need

(7.13) (V2,4 W20(m™* +v(M)) +wm/n) - 0
and for some n > 0 and A € (0, 1),

(7.14) f*(/nn) +ny/log p — 0,

(7.15) h(x, uy, (1)) — 0.

First, (7.13) requires m > L1, wm < n(log p)~2, w < n(log p) "2 (W1 o ¥r.0) !
ifa >1and w < n/L; if 0 <o < 1. Moreover, (7.14) requires m > max (Lo,
(W20 log p)!/*) with Lo = (n'/771/2(log p)! /204 o)/ @~ 1/2H1/0 and wm <
min(N1, N2). And (7.15) needs (3.2) and w > max(W;, W;). We also need
M = n/w > m. Notice that (¥ 4logp)'/* < Ly, Ny < n(logp)™2, Ny <
n(log p) =2 (W14 W2,0) ! and under (3.2), Lo — 0. If

(7.16) Limax(Wy, Wp) =o(1) min(n, Ny, N3),

then we can always choose m and w such that (3.1) holds. Observe that Ny < n,
then (7.16) is reduced to (3.3).

For 0 < @ < 1/2 — 1/q, the function f* in (7.14) is replaced by f°
[cf. (7.6)], which implies ©, 4 (log p)!/? = o(n%), m > (V2,4 logp)!/® and
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wm &K min(Nz, N3). And u), in (7.15) is replaced by u;,, implying

w > max(Wy, W,, W3). By the similar argument, if (3.4) is further assumed, then
(3.1) also holds for the case 0 < < 1/2 —1/q.

The proof of Theorem 3.3 is similar to that of Theorem 3.2, and thus is omitted.

[l

REMARK 5. In the proof of Theorem 3.2, we exclude the case @ = 1 when
a>1/2—1/q.1f « =1, we need to impose the additional assumption

(7.17) max(Wy, Wa) = o(n/(L;logn))

to ensure (7.13). The above condition is very mild since (3.3) implies that
max(Wy, Wa) = o(n/Ly). If logn < (log p)*W3 ,, which trivially holds in the
high-dimensional case p =< n* with some « > 0, we have N> = O(n/logn), and
hence (3.3) implies (7.17). Similarly, in Theorem 3.3 we shall further assume
max(Wy, Wa) =o(n/(Lilogn)) ifa=1.
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