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We consider high-dimensional measurement errors with high-frequency data. Our
objective is on recovering the high-dimensional cross-sectional covariance matrix of the
random errors with optimality. In this problem, not all components of the random vector
are observed at the same time and the measurement errors are latent variables, leading
to major challenges besides high data dimensionality. We propose a new covariance
matrix estimator in this context with appropriate localization and thresholding, and then
conduct a series of comprehensive theoretical investigations of the proposed estimator.
By developing a new technical device integrating the high-frequency data feature
with the conventional notion of «-mixing, our analysis successfully accommodates
the challenging serial dependence in the measurement errors. Our theoretical analysis
establishes the minimax optimal convergence rates associated with two commonly
used loss functions; and we demonstrate with concrete cases when the proposed
localized estimator with thresholding achieves the minimax optimal convergence rates.
Considering that the variances and covariances can be small in reality, we conduct a
second-order theoretical analysis that further disentangles the dominating bias in the
estimator. A bias-corrected estimator is then proposed to ensure its practical finite
sample performance. We also extensively analyze our estimator in the setting with
jumps, and show that its performance is reasonably robust. We illustrate the promising
empirical performance of the proposed estimator with extensive simulation studies and
a real data analysis.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

High-frequency data broadly refer to those collected at time points with very small time intervals between consecutive
observations. Exemplary scenarios with high-frequency data include longitudinal observations with intensive repeated
measurements (Bolger and Laurenceau, 2013), the tick-by-tick trading data in finance (Zhang et al., 2005), and functional
data with dense observations (Zhang and Wang, 2016). High-frequency data are commonly contaminated by some noise,
broadly termed as the measurement errors. For measurement errors in the context of functional data analysis, we refer
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to the review article Wang et al. (2016) and reference therein. In high-frequency financial data, as another example, the
microstructure noise is well known; see the monograph Ait-Sahalia and Jacod (2014) for an overview.

Despite the central interests on recovering the signals contaminated by the noise, the properties of the noise themselves
are of their own great interests. Recently, Jacod et al. (2017) highlighted the importance of statistical properties of the
microstructure noise and studied the estimation of its moments; see the recent study of Li and Linton (2022) on the
limiting distributions in a broad setting. Chang et al. (2018) investigated recovering the distribution of the noise with some
frequency-domain analysis. In a simultaneous and independent work of ours, Da and Xiu (2021) investigated the auto-
covariance of the measurement errors with a semiparametric approach that utilizing a working moving-average model.
These aforementioned studies aimed on univariate cases. Ubukata and Oya (2009) considered the covariance estimation
and testing for measurement errors in a bivariate case. Christensen et al. (2013) proposed an estimator for the covariance
matrix of the noise vector in high-frequency finance data. Both Ubukata and Oya (2009) and Christensen et al. (2013)
handled fixed dimensional cases with m-dependent or independent measurement errors.

We are motivated to concentrate on high-dimensional cases in this study that shed light on influential practical
applications where covariances between different components of the noise could bring us useful information in solving
various problems. For example, for functional-type observations, the covariations between the measurement errors may
help identifying the common source or reasons of contaminations so that improvement can be developed in designing
future investigations. For financial data, such covariations in the high-dimensional microstructure noise may help in better
understanding the trading behaviors that may show substantial different pattern between equities. Indeed, Li et al. (2016)
found that a parametric function incorporating the market information may account for a substantial contribution to
the variations in the microstructure noise. Nevertheless, studying the covariance between different components of the
high-dimensional noise in high-frequency data remains little explored.

Our primary interests in this study are on the validity and optimality of the covariance matrix estimation procedure for
the high-dimensional noise in high-frequency data. This problem has unique challenges from multiple aspects. First, since
the noise of interest are not directly observable, the targeted random vectors are latent. Second, the latency arises together
with high data dimensionality and high sampling frequency, two challenging features that interrelates to each other in
this investigation. The high-dimensional noise sequence is expected to contain some serial dependence, posing a major
methodological and theoretical challenge. The properties of high-dimensional covariance matrix estimation have not yet
been explored in this important scenario. Third, the high-dimensional observations may not be synchronous, i.e. different
components of the contaminated observation for the high-dimensional noise may be observed at different time points.
How these data features affect the statistical properties on the validity and optimality of the covariance matrix estimation
remains unclear.

High-dimensional covariance matrix estimation is an important problem in the current state of knowledge, and
has received intensive attentions in the past decade; see, among others, Bickel and Levina (2008a,b), Lam and Fan
(2009), Rothman et al. (2009), Cai et al. (2010), Cai and Liu (2011), Cai and Zhou (2012a,b). For high-dimensional sparse
covariance matrices, the minimax optimality of the estimations were investigated in-depth in Cai and Zhou (2012a,b).
We note that the existing estimation methods for high-dimensional sparse covariance matrices are developed when
the underlying data of interest are fully observed; hence they are not applicable for the covariance matrix estimation
of the noise in high-frequency data with latency and asynchronous observations. In the literature on multivariate and
high-dimensional high-frequency data analysis, existing studies mainly concern the estimations of the so-called realized
covariance matrix. Specifically, the major objective is on the signal part, attempting to eliminate the impact from the
noise; see, for example, Ait-Sahalia et al. (2010), Fan et al. (2012), Tao et al. (2013), Liu and Tang (2014), Lam et al. (2017),
and Xia and Zheng (2018). However, it remains little explored on the high-dimensional covariance matrix of the noises
in high-frequency data, accommodating all aforementioned challenging features.

Our study makes several contributions to the area. To our best knowledge, our method is the first handling covariance
matrix estimation of the serially dependent high-dimensional noises in high-frequency data. Methodologically, to over-
come the difficulties due to the latency, asynchronicity, and serially dependent observations, we propose a new approach
with appropriate localization and thresholding. Theoretically, to our best knowledge, our technical device integrating
high-frequency serial dependence with the ¢-mixing is a new development of the current state of knowledge; and it can
be more broadly applied for solving this class of problems. Meanwhile, our theoretical analysis establishes the minimax
optimal convergence rates associated with two commonly used loss functions for the covariance matrix estimations of
the high-dimensional noise in high-frequency data. The minimax optimal rates in this setting are our new theoretical
discoveries, and we establish cases when the proposed estimator achieves such rates. Our result also reveals that the
optimal convergence rates reflect the impact due to the asynchronous data, which are slower than those with synchronous
data. The higher the level of the data asynchronicity is, the slower the convergence rates are expected. We show that the
proposed localized estimator has the same accuracy as if the high-dimensional noises are directly observed in the sense
of the same convergence rates. Furthermore, our theory includes a second-order analysis revealing the dominating bias of
the estimator. We then propose a bias-corrected estimator and show that removing such a bias leads to more promising
performance, especially when components in the covariance matrix are small. Our analysis also indicates that the proposed
localized estimator is robust to the setting with jumps.

The rest of this paper is organized as follows. The methodology is outlined in Section 2, followed by theoretical
development in Section 3. Section 4 presents the theory and method handling the situation when the level of the noises is
small. Section 5 investigates the robustness of our method in the setting with jumps. Numerical studies with simulation
and a real data analysis are presented in Section 6. Section 7 includes some discussions. All technical proofs are given in
Section 8. Some additional numerical results are presented in the supplementary material.
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2. Methodology
2.1. Model and data

We introduce some notations first. For any positive integer g, we write [q] := {1, ..., q}. For a matrix B = (b; j)s, xs,»
let B2 = BB, |B., = MaXie(s, jefs, |bijl. IBl1 = MaXjersy) 35 [bijl, [Blloo = MaXieisy) Y77, [bijl and [[Bllz = Anfa(BE2),
where An.<(B®?) denotes the largest eigenvalue of B®2, Denote by I(-) the indicator function. For a countable set G, we
use |G| to denote its cardinality. For two sequences of positive numbers {a,} and {b,}, we write a, < b, or b, > a, if there
exist a positive constant ¢ and a large enough integer ng such that a, /b, < c for all n > ny. We write a, < b, if and only
if a, < b, and b, < a, hold simultaneously.

The setting of our study contains the signal part — a p-dimensional continuous-time process (X; ):[0,r], Where, without
loss of generality, [0, T] is the time frame in which the high-frequency data are observed. We begin with a setting that

Xe = (X165 .-, Xp,e) " satisfies:
dXi¢ = picdt + i dB;; and E(dB; - dBj.) = pj. dt, ()

where u;; and o;; are progressively measurable processes, and By, ..., B, are univariate standard Brownian motions.
Here o;: and p; j; are, respectively, governing the volatilities and correlations, where both of them may be dynamic over
time. A theoretical study of our method in the setting with jumps will be considered in Section 5.

For eachi € [p], we use G; = {t; 1, ..., tin;} to denote the grid of time points at which we observe the noisy data of the
ith component process X;,, where 0 < t;; < --- < tj5; < T. The subject-specific set g; reflects the asynchronous nature
of the problem. For the special case with synchronous data, all G;’s are the same. However, G;'s are typically different in
many practical high-frequency data. Let n be the number of different time points in U?_,G;, and we denote the different
time points in Uf=1gi by0<t; <---<t, <T.Foranyi,je€ [p], we define

nij =G NgGl,

where n;j evaluates how many time points t;'s at which we observe the noisy data of the ith and jth component processes
Xi and X;; simultaneously. Clearly, n;; = n; for any i € [p].
We consider that the actual observed data are contaminated by additive measurement errors in the sense that

Yi,fi,k = Atk + Uivfi.k

with E(U; ;) = O for each i € [p] and k € [n;]. The additive noise assumption is common in the literature; see Ait-Sahalia

and Jacod (2014). Formally, we can write
Yl’k = xt‘k + Utk s k € [n] s (2)

and assume the measurement errors {Uy, };_; are independent of the process (X;).cjo,r;. At each time point t;, we only
observe Zf=1 I(t, € G;) components of Yy,.

Besides the cross-sectional dependence, serial dependence is expected to be the case for {Uy, };_;; our study accommo-
dates such a feature with an innovative device. Denote by 7*  and F° the o-fields generated by {Uy, }k<s and {U, }i>s,
respectively, the a-mixing coefficients are defined as

ap(m) = sup sup |P(AB) — P(A)P(B)], m=>1. (3)

S AeF’ o .BEFX L

Then {Uy,};_; is an a-mixing sequence if ay(m) — 0 as m — oo. The notion of «-mixing is a conventional foundation
for broadly characterizing the serial dependence. Among others, causal ARMA processes with continuous innovation
distributions are «-mixing with exponentially decaying a-mixing coefficients, so are stationary Markov chains satisfying
certain conditions; see Section 2.6.1 of Fan and Yao (2003). Stationary GARCH models with finite second moments
and continuous innovation distributions are also «-mixing with exponentially decaying «-mixing coefficients; see
Proposition 12 of Carrasco and Chen (2002). Under certain conditions, vector auto-regressive (VAR) processes, multivariate
ARCH processes, and multivariate GARCH processes are all «-mixing with exponentially decaying e-mixing coefficients;
see Hafner and Preminger (2009), Boussama et al. (2011) and Wong et al. (2020).

In (3), we highlight the necessary inclusion of n, the frequency related sample size, in the ¢-mixing coefficient. The
reason is that in a high-dimensional data setting, p is commonly specified as a function of the sample size n. Such an
intrinsic dependence makes characterizing the serial dependence substantially more challenging. To handle it in our study,
we impose the following assumption on «,(m) defined in (3).

Assumption 1. There exist some universal constants C; > 1, C; > 0 and ¢ > 0 such that a,(m) < C; exp{—Cy(L, 'm)*}
for any m > 1, where L, > 0 may diverge with n.

Assumption 1 is our new dedicated device for characterizing the serial dependence of {U;,};_, in the context of high-
frequency high-dimensional data. Here L, is introduced as a parameter to handle the aforementioned challenge due to
the high data dimensionality, together with the conventional m as in the ¢-mixing settings for analyzing time series. As a
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development of its own interests, the synthetic device in Assumption 1 successfully integrates the considerations of high-
frequency and high-dimensional data, where the usual interpretation of the «-mixing remains: the between-observation
dependence is still getting weaker when they are further away in the serial data, as characterized by both L, and m.
Intuitively, the rationale is that L,, as a standalone parameter, may diverge together with the sampling frequency and
data dimensionality in a synthetic manner. Such a divergence reflects the nature of this more challenging problem due
to relatively limited data information, in the sense that the serial dependence in the measurement errors will become
stronger as L, increases.

More specifically, Assumption 1 does not require {U; } to be strictly stationary, and it includes several commonly
used models for {U,} as special cases. For an independent sequence {U,}, we can select L, = 1/2 and ¢ = o0
in Assumption 1. For an L,-dependent sequence {U;}, we can select ¢ = oo in Assumption 1. If {U;} follows VAR
model, multivariate ARCH model or multivariate GARCH model with certain conditions, we can select L, = ¢ = 1 in
Assumption 1. We provide a concrete example here with a diverging L,. For each i € [r], let Z;; satisfy the diffusion
process dZ;: = [i(Z;¢; 0;)dt + 6i(Zi s y;) dWi e, where W, is a univariate standard Brownian motion, f;(-; -) and &;(-; -)
are two functions of Z;; with some parameters #; and y;, respectively. Write Z; = (Zy,, ..., Z..)" with r independent
processes Zi, ..., Z . Letting U, = AZy; for some known loading matrix A € RP*" and some § > 0, we can select
L, = 5 'and ¢ = 1 when j;(-; -) and &;(-; -) satisfy certain conditions,! where L, will diverge with n if § — 0 as
n — oo. Here L, is also allowed to depend directly on p, the dimension of U;,. As an example, if each univariate sequence
{Ui ¢, }g—; is a-mixing with exponentially decaying «-mixing coefficients, with the independence assumption imposed
on the p sequences {Uq 4, }i_1, - - -, {Up,4 }ieqy, Theorem 5.1 of Bradley (2005) indicates that o;(m) defined in (3) satisfies
an(m) < pexp(—cm) for some universal constant ¢ > 0, which implies Assumption 1 holds for ¢ = 1 and L, =< logp.

To our best knowledge, there is no alternative assumption in the literature that is capable of handling the setting
of our study. In existing studies, some serial dependence assumptions have been imposed on the measurement errors,
with a primary objective recovering its auto-covariance. When p = 1, Jacod et al. (2017) assume U; ¢, = ¥y, xx for some
nonnegative semimartingale y; and a p-mixing stationary sequence {xx}x>1, where {xx}«>1 is independent of the process
¢, see also the setting of Li and Linton (2022) that covers serially dependent, endogenous, and nonstationary noises. If y;
is the solution of some stochastic differential equations, {y, }x>1 is also p-mixing. See, for example, Lemma 4 of Ait-Sahalia
and Mykland (2004). Based on the independence between {xx}r>1 and {y, }x>1, Theorem 5.2 of Bradley (2005) implies the
sequence {Uj, }i=1 is also p-mixing. Since p-mixing implies c-mixing, we know {Uj y, }k>1 is also ¢-mixing. Varneskov
(2017) relaxes the p-mixing assumption on { xx}x>1 to the weaker «-mixing condition. In a recent study, Da and Xiu (2021)
assume instead a working moving average structure for the measurement errors.

For (2), we assume Cov(Uy ) = X, for each k € [n]. Our main goal in this study is to estimate X, the covariance
matrix that contains information on the between-component relationship of the unobserved noise Uy,. Clearly, Uy, is a
latent vector. To estimate its covariance matrix, eliminating the impact due to the process X; is required, which means
that now Uy, performs like ‘signal’ and X, is ‘noise’. Our strategy is to perform a dedicated localization: focusing on
observations that are in a specific neighborhood mentioned later. For any i,j € [p], we write G; N G; = {t;j 1, ..., tijn}
with tj;; < -+ < tijm- Let Atije = tijre1 — Lijk for any k € [n;j — 1]. In this paper, we consider the scenario with T
being fixed but max; je[p MaXe(n;;—1] Alijk — 0 asn — oo. Formally, we make the following assumption:

Assumption 2. (i) As n — 00, Min; je(p) MiNke(n; ;—1) Atijk/ MAX; je(p) MaAXke[n; ;—1] Alijk 1S uniformly bounded away from
zero. (ii) As n — oo, we have each n;j — oo, and min, jep) n;j/ Max; jep) N is uniformly bounded away from zero. (iii)
mini,je[p](t,-’j,nu — t,',j,l) =T.

The setting with Assumption 2 is broad and general. The first part is a standard setting for studying high-frequency
data. The second part requires enough number of pairwise synchronous observations. This is a reasonable practical setting;
see also Ait-Sahalia et al. (2010) for a pairwise approach for estimating the realized covariance matrix for (X;)sefo,77. Based
on part (ii) of Assumption 2, we write

min n;; < maxn;; < n,, (4)

i.je[p] i,jelp]
where n, — o0 as n — oo. As we will show in Theorems 1-4, the convergence rates for the estimates of the
covariance matrix X', = Cov(U,,) will depend on n, instead of n. In the special case with synchronous observations,
we have n;; = n for any i,j € [n] and we can set n, = n. Then all our results also apply to the setting with
synchronous data. Assumption 2 is not necessary for our theoretical analysis which is just imposed for simplicity
and can be removed at the expenses of lengthier proofs. Our theoretical analysis essentially only requires the as-
sumption that min;jep) nij — o0 and Max; jep) MaXepn;;—1 Atijk — 0 as n — oo. With such assumption, both
min; jepp) minke[nu_u At j k/ Max; jepp) MaXe(n; ;- 1] Alijk and min; jep) N j/ MaX; jepp) N;j €an decay to zero as n — oo. We

1 For each i € [r], Lemma 4 of Ait-Sahalia and Mykland (2004) indicates that {Z;s}k=1 is a p-mixing process with p-mixing coefficient
pi(m) < exp(—c;md) for any integer m > 0, where ¢; > 0 is a constant depending on the properties of fi;(-;-) and &;(-; -) (see Assumption
1 of Ait-Sahalia and Mykland (2004)). Theorem 5.1 of Bradley (2005) implies {Zys}k>1 is also a p-mixing process with p-mixing coefficient
p(m) < exp(—cminmd) for any integer m > 0, where Cyin = Minjer ¢. Since p-mixing implies o-mixing, then o,(m) defined in (3) satisfies
an(m) < 47 p(m) < 47! exp(—cminm8) for any integer m > 0.
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will discuss in Section 7 how this assumption affects the convergence rates for the estimates of the covariance matrix
2.

2.2. Covariance matrix estimation of U,

Write X = (oy,ijlpxp and Uy, = (Ur g, ..., Upyg, )T. Here the subscript u in oy,ij indicates that it is a quantity associated
with the noise so as to differentiate it from the volatility process o; in (1). We know 2X';, = Cov(U;, — U, )+ IE(U[ZUl) +
E(U, U, ) for any ¢ # k. By Assumption 1 and Davydov's inequality (Davydov, 1968), |E(UWU1)|M + |E(Uka;)|w <
exp(—C.L, |k — €|?) for some constant C, > 0, provided that maxje(p) E(|Uj ") and maxjepp E(|Uj(,|”) are uniformly
bounded away from infinity for some universal constant y > 2. Notice that U, — U, = (Y;, —Y;,) — (X, — X,,) and each
component process X;, is a continuous-time and continuous-path stochastic process. We have considerations from two
ends. First, due to |X;+n — Xi | — 0 almost surely as h — 0, in a small neighborhood A of t, the difference between the
high-frequency observations Y, and Y,,, for t, € V, can be approximately viewed as U, — Uy,. Second, to avoid excessive
impact from aggregating IE(UQU;) + ]E(Ut,(Ug), we cannot choose t, and t; too close. Putting these two considerations
together, we propose to estimate o, ;; by

ni s

R 1T« 1

O'u,i,j = flj Z rjk Z (Yi-ti,j_z - Yi,tivjvk)(yj,t,'vjﬁg - Yj,ti,j_k) 5 (5)
k=1 o ti,j,l/esi.j,k

where S; ;= {tije € GiNG; : K < |€ — k| < K+ Ak} for some integers K > 1 and Ag > 0, and N;, = |S; ;|- Here the set
Sijk is designed to meet the aforementioned two considerations — ensuring data in an appropriate range are incorporated
for estimating X',.

Our estimator (5) with S;; is generally applicable. For an independent sequence {Uy, }, we can select K = 1 and then
]E(Ui’tiyjll.]j,tiijk) = ]E(Ui’tiijkljj’[i’jl) =0 for any ¢, € S;jk due to (L, ¢) = (1/2, 00) in Assumption 1. For an L,-dependent
sequence {U, }, we can select K > L, due to ¢ = oo in Assumption 1 and then E(Ui,ti,j,zuj.ti,j.k) = E(Ui,t,-.j,,<L1j,t,-,j,[) = 0 for
any tj¢ € Sij For general case with ¢ < oo, with selecting K > Ly(C,, log n,)"/¢ for some sufficiently large constant
Cas > 0, MAX; jerp) MaXkepn; ;) MaXy,; yes;y [EUin; Uity ) + BUie; Uy )l S 15 GG which is negligible in comparison to
the bias from approximating (Ui, — Ui > Ujtij o — Uit ) BY (Yie o — Yirejo Yistije — Yiy,)- To simplify our presentation,
we assume Ak > 0 is a fixed integer in this paper. Our theoretical results can be parallel extended to the scenario with
diverging Ag.

For a fixed T, (4) and Assumption 2 imply that

min min At < max max At =<n, .
z.]e[pjke[n,-,j—lj t,je[p]ke[n,-,j—l]

Let

~

Eu = (6u.i.j)p><p (6)

for 6,;; defined as (5). Theorem 1 in Section 3 shows that the elements of E‘u are uniformly consistent to the
corresponding elements of X, with a suitable selection of K, i.e.

E(1Zy — Zuls) S (Kn; 'logp)'/2.

Theorem 2 in Section 3 shows that (n;!logp)/? is the minimax optimal rate in the maximum element-wise loss for
the covariance matrix estimations of the high-dimensional noise Uy, in high-frequency data. If {U,} is an independent
or L;-dependent sequence with fixed L,, we can select K as a fixed integer and then the associated convergence rate
of | ¥, — ¥yl is minimax optimal. For general cases with ¢ < oo and fixed L,, with selecting K =< (log n,)/¢t€ for
some € > 0, the convergence rate of |, — X,|., is nearly optimal with an additional logarithm factor (log n,.)"/¢)+</2,
More importantly, as we will discuss below Remark 3 in Section 3, (n; ! logp)!/? is also the minimax optimal rate in the
maximum element-wise loss for the covariance matrix estimations of U;, if we have observations of the noise, which
indicates that our estimator shares some oracle property and the proposed localization actually makes the impact of the
latent process X; be negligible.

However, the aforementioned element-wise consistency and optimality do not imply their counterparts for the
covariance matrix estimation with high-dimensional data. That is, the estimator X', may not be consistent to X', under the
spectral norm || - ||, when p > n. This is a well-known phenomenon in high-dimensional covariance matrix estimation;
see, among other, Bickel and Levina (2008a). For high-dimensional covariance matrix estimations, one often resorts to
some classes of the target with extra information. With the extra information, the consistency under the spectral norm
and other properties associated with the covariance matrix estimations can be well established. In this paper, we focus
on the following class — the sparse covariance matrices considered in Bickel and Levina (2008b):

p
H(q, ¢, M) = {Eu = (Ouijlpxp : Ouii <M and Y |oyijl? <, for all i} : (7)
j=1
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where g € [0, 1)and M > 0 are two prescribed constants, and ¢, may diverge with p. Here ¢, can be viewed as a parameter
that characterizes the sparsity of X', i.e, if ¢, is smaller, then X, is more sparse. If ¢ = 0, we have

p
#(0, ¢y, M) = {Eu = (Ouij)pxp : Ouii <M and Y I(oyj # 0) < ¢, for all i},
j=1
where ¢, evaluates the number of nonzero components in each row of X,.
For X', € #(q, cp, M), we propose the following thresholding estimator based on the element-wise estimation 2
given in (6):
thre

" = [Buigt{16uil = BlKkn;  logp) Y], .

where 8 > Ohis a fixed constant for the thresholding level. Theorem 3 in Section 3 shows that such defined thresholding
estimator Et " is consistent to X, under the spectral norm with suitable selections of K and g, i.e.

E(I1Z,

thre

— Zul5) < ¢h(Kn, " logp)' 9. 9)

Furthermore, Theorem 4 in Section 3 indicates that c,(n; ! log p)\'=9/2 is the minimax optimal convergence rate with the
spectral norm loss function for the covariance matrix estimations of the high-dimensional noise Uy, in high-frequency
data, which is also the minimax optimal convergence rate in the spectral norm loss if we have observations of the noise
directly. If {Uy,} is an independent or L,-dependent sequence with fixed L,, we can select K as a fixed integer and then
<~ thre . .. . . .
the associated convergence rate of | ¥, — X, ||, is minimax optimal. For general cases with ¢ < oo and fixed L,, with

selecting K =< (logn,)/#* for some ¢ > 0, the convergence rate of ||2'Jt " — X2 is nearly optimal with an additional

logarithm factor (log n, )(1/¢+e)X1-a)/2,

Remark 1. In finite samples, the thresholding estimator E‘thre given in (8) may not be positive definite in general.

i h A RN N N
We can first apply the smgular value decomposition to Z’t . Z‘Z * = Pldiag(3, .. ,)P, where ; > .- > 7,
Sthre

are the elgenvalues of Z’ , and Pis an orthogonal matrix. If there are s negative elgenvalues we can use X

PTdiag(ty, ..., Tpss Tposit —i—e , 2, +¢€)P as the estimate of X, for some ¢ > 0. Write 8, = ¢,(Kn; ' log p)1=9/2 and let
71 > .-+ > 1, > 0 be the elgenvalues of X,. Since maxjey |7j — 7j| < ||E — Xl = Q%E;Sen), if 7, is uniformly bounded
away from zero and we select € = —7, + (Kn;! logp)'/? when 7, < 0, such defined X', is positive definite and also

satisfies (9).
3. Theoretical analysis

In this section, we establish the theoretical properties of the proposed estimators. To mimic the high-dimensional
scenario, we always assume p > nf for some universal constant « > 0 in this paper. We also require the following
assumptions.

Assumption 3. Write U, = (U1, ..., Upyg, )T. There exist some universal constants C3; > 1 and C; > 0 such that
P(|Uig| > u) < G exp(—C4u?) for any i € [p], k € [n] and u > 0.

exp(Cs0%) and E(exp[6{c, —E(0;)}]) < exp(Cs6?) forany i € [p], t € [0, T]and |6] < Cs; (ii) E(uf,) < G and E(o?,) < G;
foranyi e [p] and t € [0, T]. '

Assumption 4. There exist some universal constants Cs > 0, Cs > 0 and C; > 0 such that (i) E(exp[@{uﬁt — ]E(uﬁt)}]) <

Assumption 5. There exist some universal constants y > 0, Cg¢ > 1 and Cg > 0 such that P(supg,<r 0i; > u) <
Cg exp(—Cou”) for any i € [p] and u > 0.

All assumptions are mild for studying high-dimensional covariance matrix estimations with high-frequency data.
Assumption 3 requires that each component of U;, is sub-Gaussian. Following Lemma 2.2 of Petrov (1995), we know
that part (i) of Assumption 4 holds if there exist two positive constants C, and C,, such that P{Wﬁt - E(uﬁt)l >u} <
C. exp(—C,su) and ]P’{|aft — E(aﬁt)| > u} < C,exp(—C,u)foranyi e [p], t € [0, T] and u > 0. Assumption 5 describes the
behavior of the tail probability of supy-, -y oi ;. If the spot volatility process o;; is uniformly bounded away from infinity
overi € [p] and t € [0, T], we can select y = oo in Assumption 5. Then we have the following result.

Theorem 1. Let P; denote the collections of models for {Y;,};_, such that Y, = X, + Uy, where the noises {U,};_; satisfy
Assumption 3, X = X1z, .- - ) follows model (1) with each pi; and o;; satisfying Assumptions 4 and 5, and the grids
of time points {g,} 1 satisfy Assumptlon 2. Let K > CL, for some constant C > 1. Under Assumption 1, it holds that

SUpE(1Zy — Zuloo) < (Kn;'logp)'?
P1

~
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provided that logp = o[min{(n,L,2K)?/G¢*2) (n,K~1)*}] and K=L} log{n.(K logp)~'} = o(1), where n, is specified in (4)
and x = min{y /(y + 4), 1/3}.

Remark 2. Theorem 1 gives the convergence rate of max;jep) [0u,ij — Ou.ijl-

(i) For an independent sequence {Uy,}, due to (L,, ¢) = (1/2, 00) and K > 1, E(2, — Zuly) < (Kn;'log p)'/? provided
that logp = of(n,K~")*}. For fixed K, max; je(p) |6u.ij — 0u.ijl = Op{(n;’ logp)]/z}

(i) For an L, dependent sequence {U, }, due to ¢ = oo and K > Ln, E( Xy — Zuly) < (KnZ'logp)/? provided that
logp = o{(n.K~1)*}. For fixed L,, max; je(p) |Gu,ij — Ouijl = Op{(n‘1 log p)!/?} with selecting a fixed K > L,. For diverging
Ln, Max; jepp) [6uij — ouijl = Op{(Lyn;! log p)'/2} with selecting K = L, and K > L.

(iii) For the general cases with ¢ < oo and fixed L,, to make K~¢L log{n.(K logp)~'} = o(1), we need to select
K > (logn,)'¢. If we select K =< (log n,)"/¢* for some € > 0, max; jepp) [6u.ij — 0u.ijl = Op{(n; ' logp)/?(log n,)V/2¥)+e/2},

Furthermore, Theorem 2 shows that the convergence rate (n; ! log p)'/? is minimax optimal in the maximum element-
wise loss for the covariance matrix estimations of the high-dimensional noise Uy, in high-frequency data.

Theorem 2. Let n/n, < p. Denote by F the class of all measurable functionals of the data. Then
inf supIE(lE Yule) 2 (n; ' logp)'?,
EE.F P1

where Py is defined in Theorem 1.

Remark 3. (i) If {Uy,} is an independent sequence or L,-dependent sequence with fixed L,, Remarks 2(i) and 2(ii) indicate
that our proposed estimate 2 is minimax optimal under the maximum element-wise loss.

(ii) For the general cases with ¢ < oo and fixed L,, Remark 2(iii) indicates our proposed estimate 2 is nearly minimax
optimal under the maximum element-wise loss with an additional logarithm factor (log n, )"/(2¢¥)+€/2,

To establish the lower bound stated in Theorem 2, we essentially focus on a model belonging to P; with p; = 0 and
oir =0foranyt € [0,T]and i € [p]. Let Cx = {i € [p] : tx € G;} for any k € [n]. In this specific model, the latent

process X; = 0 for any t € [0, T] and thus the data we observed are 2 = {U;, ¢,, ..., Us, c,}. Here Uy, ¢, denotes the
subvector of U;, with components indexed by Ci. Hence, (n Tlog p)'/? is also the minimax optimal rate in the maximum
element-wise loss for the covariance matrix estimations of U;, with data 2 = {U;, ¢,, . .., Uy, ¢, }, Which indicates that the

estimator X, shares some oracle property and the proposed localization actually makes the impact of the latent process
X; be negligible.

Regarding the loss function under the spectral norm || - ||, for the whole covariance matrix estimation, Theorem 3
establishes the convergence rate of the thresholding estimator 2 " defined as (8).

Theorem 3. Let P, denote the collections of models for {Yy, };_; such that Y, = Xy, + Uy, where the noises {Uy, };_, satisfy
Assumption 3 with the covariance matrix X, € H(q, ¢p, M), X; = (X1, .-+ ,Xp,[)T follows model (1) with each u;, and o
satisfying Assumptions 4 and 5, and the grids of time points {g,v}f:1 satisfy Assumption 2. Let K > CL, for some constant C > 1.
Under Assumption 1, with sufficiently large constant > 0 in (8), it holds that

thre

supE(HZ — Xul3) < ci(Kn; logp)'~
provided that logp = o[min{(n,L2K)?/G¢*+?) (n,K=1)*}] and K~*L} log{n.(K logp)~'} = o(1), where n, is specified in (4)
and x = min{y /(y +4), 1/3}.

Our result in the following Theorem 4 justifies that the convergence rate c,(n; ~1log p)1=9/2 is minimax optimal under
the spectral norm loss function for the covariance matrix estimations of Uy, w1th the sparsity structure (7). Again, this

rate is also the minimax optimal rate in the spectral norm loss for the covariance matrix estimations of U, with data
Z={Uq.c;>--->U.cnl

Theorem 4. Let n/n, < p. Denote by F the class of all measurable functionals of the data. Then
inf sup IE(||§’ — Xul3) z ci(n; " logp)'
YeF Pa

(1- Q)/Z(

provided that ¢, < n log p)~C~9/2, where P, is defined in Theorem 3.

Remark 4. (i) If {U,} is an independent sequence or L,-dependent sequence with fixed L,, Theorems 3 and 4 indicate
that Ethre defined as (8) is minimax optimal under the spectral norm loss when we select K as a fixed integer.
(ii) For the general cases with ¢ < oo and fixed L,, if we select K = (logn,)/¢*¢ for some ¢ > 0, Theorems 3 and 4

indicate that 2 © defined as (8) is nearly minimax optimal under the spectral norm with an additional logarithm factor
(logn )l/‘/)+€)(l Q)/
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In summary, we conclude that it is n, - the effective sample size of the pairwise synchronous observations -
determining the convergence rate of the covariance matrix estimation of the noise U, . Practically, n, is expected to
be smaller than n — the total number of observation times. Hence, the accuracy of the covariance matrix estimation
is affected by the level of data asynchronicity — the more asynchronous the data are, the more difficult it is to estimate
X, Another finding from our theoretical analysis is that although the noise {U, ¢,, ..., Us, c,} are not directly observable,
the localized estimator in some scenarios has the (nearly) same accuracy as the one when the noise {U, ¢, ..., Uy c,}
are observed in the sense of the (nearly) same convergence rates for estimating X', with high-frequency data. From the
practical perspective, it can be viewed as a bless from the high-frequency data with adequate amount of data information
locally, so that the statistical properties of the noise can be accurately revealed.

4. The effect of the smallness of the noise

Our results in Section 3 assume that n;; — oo with T fixed. Empirically, as pointed out in Hansen and Lund (2006),
the magnitude of o, ;; may be small; see also Christensen et al. (2014). To address this issue, we study the second-order
property of our estimator concerning its bias. For &, ; defined as (5), since {Uy, };_, is independent of (X )o<¢<r, we have
that

E{Gu.ij | (Xe)o<e<r} — Ouij

o 1 i Ullfi,j,k 1 i Uj,fi.j,k
7 on ZE N; : Z Uitije | — m ZE N; : Z Uit

Mok=1 bk oy s Hok=1 B eeSi

i,j,€S21,j,k INRAS RS
1(ij) A
1 <1
M i N: ; Z (Xiv[i.j,l _Xf-ti,j.k)(xjvfu,e _vafi,j.k)’ (10)
b e Tk tij,0€Sijk

11(i.j)

which indicates that the bias in &,;; includes three parts: I5(i, j), I5(i, j) and II(i, j). Proposition 2 in Section 8 shows
that max;jep [11(i, )| = Op{(Kn‘1 log p)'/?}, but E{II(i,j)} # 0, causing a bias of order O(Knj ) that summarized in
Theorem 5. Under Assumptions 1 and 3, it follows from Davydov’s inequality that max; jepp |15(i, j)| + max; jep 1151, j)I <
exp(—C,L,“K¢?) for some universal constant C, > 0. If {Uy, J;_; is an independent sequence or L,-dependent sequence,
we know ¢ = oo and then max; jepp |15(1, j)| + max;jepp |15 (1 I < exp(—o0) = 0 with K > L,. If ¢ < 0o, with selecting
K = Ln(C.. logn,)"? for some sufficiently large constant C,. > 0, max;jep [15(i, /)| + max;jerp 1151, )| < ny <% will be
negligible in comparison to II(i, j).

Theorem 5. Under Assumptions 2 and 4, if K = o(n,.), it holds that

. 2K+ A [l
E{H(l,]) — TK / 0i,50j,sPi,j,s dS}
Lj Lij

From (10) and Theorem 5, we have

R 2K + Ag [l _
E(6u.ij) = ouij+ E(T / 0i505Pi.s d5> +O(K>2n; /%) (11)
LJ Gij1

max

5 (Kn;l )3/2 .
i.jelp]

o(kn; 1)

provided that K = L,(C,, logn,)!/¢ for some sufficiently large constant C,, > 0. Since K = o(n,.), the second term on the
right-hand side of (11) is asymptotically negligible if o, ;; is not vanishing; our Theorem 5 implies that it is the leading
term in the bias. Impact from the bias on &, ;; could be empirically substantial, especially when o, ;; is relatively small.

tiin::
For any i,j € [p], let ¥;; = ft[_']ﬁ]'ln"’ 0i50j,spijs ds. As a remedy, we propose a bias-correction for 6, as follows:
2K + Ag »
4n; e

Oyij = Ouij — (12)

where &, ;; is given in (5), and 1},;]' is an estimate of 1;;. Since ;; is an integrated covariance, it can be estimated by
existing approaches, for example, the polarization method (Ait-Sahalia et al., 2010), the two time scales approach (Zhang,
2011), the pre-averaging method (Jacod et al., 2009; Christensen et al., 2010), and the quasi-maximum likelihood

approach (Liu and Tang, 2014). Section 6.1.2 gives details for calculating 1/>in by the two time scales approach. Based
on 6 . given in (12), we can obtain 2‘ and Ebc thre , the bias-corrected version of 2 defined as (6) and E‘Zhre defined

u, 1]
& be,thre

as (8), respectlvely, by replacing 6,,;; by ou e Theorem 6 indicates that E and X, share the same convergence

rates of Z’u and Eu , respectively.



J. Chang, Q. Hu, C. Liu et al. Journal of Econometrics xxx (XXxx) Xxx

Theorem 6. Assume max; jepp) |fh,<,j| = Op(log p). The following two assertions are satisfied:
(i) Under the conditions of Theorem 1, |§Ec — Yul,, = Op{(Kn;'logp)'/?}.

. iy "~ be.th _ _ ) )
(ii) Under the conditions of Theorem 3, ||Z‘uCt “ — 2 = 0p{cy(Kn; log p)'=9/2} for any covariance matrix X, €

H(q, ¢p, M).

5. Impact from jumps and the robustness of our methods

We now consider the setting with jumps in the underlying process X;. Assume X; = (X4, ..., Xp,t)T satisfies the
following model:
dXi: = picdt + o dBi¢ + Jir dM;; and E(dB;; - dB;;) = p;j dt, (13)

where w;;’s, 0i¢’s, Bi:'s and p; j,’s are same as those in (1), J;'s are the jump sizes, and M;;’s are counting processes. Our
analysis reveals that our estimators proposed in Section 2.2 for X', are reasonably robust against jumps. In our theoretical
analysis, we impose Assumptions 6 and 7 on the counting process M;; and the jump size J; ;, respectively.

Assumption 6. Let (AM;.);; = M"’ti.j,n,'j —Mi;, forany i, j € [p]. There exist A1, ..., A, > 0 and some universal constants

C}o > 0, C;1 > 0 such that (i) E{exp(@[(AM,-’.)‘i,j —E{(AM;.)ij})} < exp{ki(ti.jﬂi.j — t,;]-,l)ez} for any |0] < C]’O1 and i € [p];
(i) E{(AM;,.)ij} < CiaAiltijn; — tij1) for any i € [p].

Assumption 7. There exist some universal constants ¢ > 0, Ciz > 1 and Cy3 > 0 such that P(supg; < Uil > u) <
Cip exp(—Cysu*) forany i € [p] and u > 0.

If M;; is a Poisson process with intensity A; > 0, then (AM;.);; follows Poisson distribution with parameter
}‘-i(ti,j,n,-.j — t;j1) and Assumption 6 holds for Cip = C;; = 1. Assumption 7 controls the tail behavior of the random
jump size supg;rJir. If the jump size J;; is bounded from above uniformly for i € [p] and t € [0, T], we can select
{ = oo in Assumption 7.

Recall S;jx = {tije € GiNGj: K < |€ — k| <K + Ak} for some integers K > 1 and Ag > 0, and N;jx = [S;j«|. For any
i,j € [p], define

nivj

1 1 Gije tije
wij = fl,] Z N Z (‘/[ Jis dMi,s)( .]j.s dIVI]s) . (14)

k=1 Lik Gij e €Sijk i.j.k lij ke

Let 2 = (i j)pxp and

SJjump ~ jump S
Eu = (o )pxpzzu—Q»

u,i,j

where E‘H is defined as (6). Analogous to (8), we define the thresholding version of :‘Z‘Lump as

BT — [glmep|61MP| = B(Kn " logp)'/?}]

u u,ij u,i,j

- (15)

where 8 > 0 is a fixed constant for the thresholding level.
Our theory has two parts. As the first part, parallel to Theorems 1 and 3, we have the next theorem for the convergence

<jump & jump, thre
rates of X, " and X, .

Theorem 7.  Assume Assumptions 1-7 hold. Let A, = maxypA; and K > CL, for some constant C > 1. If
A2(n 'K )/CH+2(logp)~! = o(1), logp = o[min{(n,L,2K)?/®¢*2) (n,K~1)*}] and K~¢L} log{n.(K logp)~'} = o(1), where
n, is specified in (4) and x = min{ty /(2t 4+ 2y + ty), t/(2t + 2), y /(y + 4), 1/3}, then the following two assertions are
satisfied:

(i) Let P3 denote the collections of models for {Yy};_; such that Y, = X, + U, where the noises {Uy };_, satisfy
Assumption 3, X, = (X1, ..., Xpr)" follows model (13) with each wiy, oir, M, and J;, satisfying Assumptions 4-7, and
the grids of time points {gi}f:1 satisfy Assumption 2. It holds that

s;lpE(lf"J{,ump - Xuly) < (Kn;'logp)'/>.
3

(ii) Let P4 denote the collections of models for {Y; };_, such that Y, = X; + Uy, where the noises {Uy };_, satisfy
Assumption 3 with the covariance matrix X', € H(q, ¢,, M), X = (X1¢, - .- ,Xp,t)—r follows model (13) with each i, oi¢, Mi+
and J;; satisfying Assumptions 4-7, and the grids of time points {G; le satisfy Assumption 2. With sufficiently large constant
B > 0in (15), it holds that

- jump, thre

s;;pE(nzu — 3u13) < ch(Kn;logp)' 9.
4
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Theorems 7(i) and 7(ii) can be viewed as the generalization of Theorems 1 and 3, respectively. If there are no jumps in

X¢,we have J;; =0foranyi € [p]and t € [0, T], and then EJU P — E‘ and Ejump hie = E'Zhre. In this scenario, we can set

A =0foranyi e [p] and : = oo in Assumptions 6 and 7, respectlvely, which 1mplies 22(n; 1K)/ 242 (1og p)~! = o(1) holds
automatically and ¥ = min{y /(y + 4), 1/3}. Hence, the results of Theorems 7(i) and 7(ii) in this scenario are identical to
Theorems 1 and 3, respectively.

In the second part of our theory, we establish the properties of E‘u itself. Since /E\'Lump = E‘u — §2 where 2 = (@i )pxp

with o;; defined as (14), the gap between S‘u and E'iump is seen determined by an extra ‘bias’. We assume the following
condition for controlling the tail probability of ;.

Assumption 8. Each M;; has independent increments. Let (AM;. )(k) = Misfi,j.kJrl — M,-,[W for any i,j € [p] and
k € [n;j — 1]. There exist A, ..., A, > 0 and some universal constants C;o > 0, Cy; > 0 such that (i) ]E{exp(@[(AM,-,)g’kj) -
E{(AM; )} < exp{ai(tijuer — 6iju)0?) for any 6] < Cpg' and i € [p]; (if) E{(AM; )} < CiiAiltijust — tij) for any
i€ [pl

Assumption 6 holds automatically under Assumption 8. If M;  is a Poisson process with intensity A; > 0, then (AM;, )(’j)

follows the Poisson distribution with parameter A;(t;ji+1 — tijx) and Assumption 8 holds for C;g = Ci; = 1. Given
Assumptions 7 and 8, we have the following theorem for the tail probability of = ;.

Theorem 8. Let A, = maxic(y Ai. Under Assumptions 7 and 8, if K(log n,. )34/ = o(n,) and n;'Kx, = o(1), it holds that

max P(|o;j| > v) < exp{—C(n,K 1) ZF/CHyy 4 exp{—C(n, K1)/ +4)

i.jelp]
for any v > (n7 1K) 2F2/CAHD)where ¢ is specified in Assumption 7. Furthermore, it holds that max; jep, E(|@i|™) < 1 for
any fixed positive integer m.

Theorem 8 implies |§2|,, = Op{(Kn; 1)>+2/C+4) ogp} = op{(Kn;. Tlogp)'/?} if logp = of(n,K~1)/3+4} which leads
to the robustness of our proposed estimators against possible jumps in the underlying process X, as established in the
following theorem.

Theorem 9. Let A, = maxjep Ai and K > CL, for some constant C > 1. Under Assumptions 1-5 and 7-8, if
A2(n; 1K)+ (logp)~! = o(1), logp = o[min{(n,L;2K)*/3¢+?) (n,K~)*"}] and KL log{n.(K logp)~'} = o(1), where
n, is specified in (4) and x* = min{ty /(2t +2y + L]/) t/(3t44), y /(y + 4)}, then the following two assertions are satisfied:
(i) 12y — Zulo = Op{(Kn; ' logp)'/2}.
(i) With sufficiently large constant g > 0 in (8), ||Z‘thre — Zulla = Op{cy(Kn;logp)'=9/2} for any covariance matrix
Xy e Mg, ¢, M)

Specifically, Theorem 9 implies that if the intensity parekllmeter A, of the counting processes diverges no faster than
(n,K~1)/©®+8)(log p)/2, the convergence rates of X, and Z’tu " are the same as those in Theorems 1 and 3, even there are
jumps in the processes.

6. Numerical studies

6.1. Simulations

6.1.1. Data generating procedure o
We set (pij)pxp = {diag(A®?)}~1/2A®2{diag(A®?)}"1/2, where A = (a;;)pxp With a;; = (—0.8)"JI({i > j). For

X = Xigy e ,Xp,t)T, we generated each X;; from the following stochastic volatility model:

dXir = Oit dBi,t +Jit dMi,t s dUi = K(Uz —0; )df + S0 ¢ sz ts (16)
where My, ..., M, are independent Poisson processes with intensity Aj, and By ¢, ..., By, Wi, .. Wp ¢ are univariate
standard Brownian motions such that (i) Wy, ..., W, are p independent Browman motions, and (11 (dB;; - dW; ;) =

—0.3I(i = j)dt and E(dB;, - dB;;) = p;;dt. We considered two settings — with or without jumps: (i) J;, - jp ¢ e

N(O, O'JZ) which are independent of My,,...,Mp;, and (ii) Ji; = 0 for i € [p] and t. We set (k,s, o2 0 ) =
(5,0.5,0.1,0.0152, 5), the same as that in the numerical studies of Ait-Sahalia et al. (2013) that mimics the empmcal
features of financial data (Ait-Sahalia and Kimmel, 2007). This setting is reasonable; comparable settings are found in
existing studies (Ait-Sahalia and Yu, 2009; Ait-Sahalia et al., 2010; Liu and Tang, 2014; Ait-Sahalia and Xiu, 2017). The
initial observations of crft (i € [p]) were generated from a Gamma distribution I"(2k52/s2, s /(2«)). In our simulation, we
set p € {50, 100, 200}.

We took t € [0,T] with T = 1/252; here 1 unit of t means one year, so T = 1/252 is corresponding to a
trading day. We first generated high-frequency data available at each second in a 6.5-hour period; this setting results

10
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in 60 x 60 x 6.5 = 23400 observations. By letting f, = k/(252 x 23400), we generated Y;, = X;, + Ug, with (X¢)eepo,r)
from (16), and each element of Uy = (Uy3,, .., Uy, )T from a stationary GARCH(1,1) model

Uiz, = iz M, » =0.167 +0.16% . 1;7,2& + 0.851_2E .
where 1z, = (715, ---» np,tk) is independently generated from N(0, R); the settings of R will be described later. In this

model, upon observing ]E( ) = o2 for each i € [p], we considered different settings for the signal-to-noise ratio

a2 /(T 1f0 o}, dt) by varymg o2. Since the signal-to-noise ratio can be approximated by 25202/52 with 62 in (16),
we specified two selections of 2: (i) 62 = 0.005? such that 25202/62 = 0.063, and (ii) 62 = 0.0012 such that
252%2 /6% = 0.00252. In Part S1 of the supplementary material, we have also investigated the finite—sample performance
of the proposed estimators when U;,, ..., U, "¢ N(o, o’R) with 02 = 0.0052 and 0.0012.

We studied the following three models for R = (r;),xp that controls the correlations:

Model 1: R is a banded matrix, where r;; = 1, riy1,; = riiy1 = 0.6, Tiy2,i = rijiy2 = 0.3,and r;; = 0 for |i — j| > 3.

Model 2: R = {diag(R*)}~/2R*{diag(R*)} "/, where R* = R+ {|Amin(R)| + 0.05}1,, I, is the identity matrix of order p,
Amin(R) is the smallest eigenvalue of R, and R = (7; j)p«, satisfies that 7; j = wj jb; j, w;;'s are independently generated
from the uniform distribution U(0.4, 0.8), b;;'s are independently generated from the Bernoulli distribution with
successful probability 0.04.

Model 3: R is a bandable matrix with r;; = 0.6/l

We considered both synchronous and asynchronous high-frequency data in our simulation. To model the synchronous

data setting, we took {Y; Li3400/ 41 35 the observed data where |x] is the floor function; by varying A, we simulated
g fiaTk=1 y varying

data sets of different sizes: larger A means fewer observations. Then the time points where we observed the noisy data
are t, = fy with k = 1,...,[23400/A]. In our numerical studies, we set A € {1, 2, 3}. To model the asynchronous
data setting, for eachi € [p] we applied the Poisson process sampling scheme with intensity A to {tk}B400 for generating
Gi = {ti1, ..., tiy}, the grid of time points at which we actually observed Y; ;. The Poisson process sampling schemes for
different i’s are independent. Based on this setting for asynchronous data, on average there were |23400/X] observations
for each Y;;. We selected A € {1, 2, 3} in our simulation.

6.1.2. Implementation of bias-correction A

To obtain the bias-corrected estimator ¢, m (12), we need to calculate ; j, the estimate of the integrated covariance
¥i;j. In the simulation, we applied the two tlme scales approach (Zhang, 2011) to estimate ;. Recall G; = {ti1, ..., tin}
is the grid of time points we observed Y; . For given i, j € [p], we first used the refresh time procedure (Barndorff-Nielsen
et al, 2011) to synchronize the data if G; # G;. More specifically, let the first refresh time point be v; = max(t;, tj 1),
and then define the other refresh time points vi; with [ > 1 as vy = max[min{t € G; : t > y}, min{t € G; : t > vj}]
iteratively. Denoted by n; the resulting refresh time points for G; and g;, and write ¢/, = max{t € G; : t < v} and
tj*, =max{tegj:t < vl} for each I € [n ] If G; = g;, the refresh time points based on above procedure are identical to
ti1, ..., tin, and thus the associated tf, = t‘, = t;,. For given positive integers §; and §,, the two time scales estimator
for w,-,j is given by

Abc

So(nj; — 61+ 1)

Y. | Y12 17
si(nﬁ_aﬁl)[l, 16, (17)

ij = Y5, Y100 —

where [Y;, ¥;1®) = §~ Z, s41(Yier, —Yier  )(Yir, =Yy, ,) for any positive integer 8. Following Ait-Sahalia and Yu (2009),
we set (81, 8;) = (25, 1) in our simulation. ’ ’
6.1.3. Selections of (K, Ak) and the thresholding level

To obtain 6,;; defined as (5) in practice, we need to select the tuning parameters K and Ag. If each univariate
sequence {Uj, };_; is «-mixing with exponentially decaying a-mixing coefficients,> with the independence assumption
imposed on the p sequences {Uy ¢ };_;, - ., {Upg }k_y» Theorem 5.1 of Bradley (2005) indicates that c,(m) defined in (3)
satisfies a,(m) < p exp(—cm) for some universal constant ¢ > 0, which provides a rough upper bound for «,(m). Hence,
Assumption 1 holds for ¢ = 1 and L, = clogp for some sufficiently small constant ¢ > 0. Our theoretical results
require K—¢L! log{n.(Klogp)~'} = o(1) and K > CL, for some constant C > 1. To match these requirements, when
we estimate o, ;j, we can select K = c(logp)(logn;;)(loglogn;;) for some small constant ¢ > 0. In our simulation, we
have tried ¢ € [0.03,0.07] and the associated results are similar. We suggest to select ¢ = 0.05 in practice. Since we
use (Y; = Yit Vit — Yjsfi.j,k) to approximate (Uisti,j,é = Uiy, Ui, Ujsti.j,k) for K < |[£ — k| < K + A, the bias

e tije —

2 such requirement can be easily satisfied in most commonly used univariate time series models. See our discussion below (3).
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issue caused by X; tije = Xitijp and X;, tie = Xiitij will impact the performance of our estimators. Notice that a smaller Ak
results in a smaller bias. We need to select Ay as some small positive integers. Table 1 shows that (i) the estimators with
Ak € {1, 2, 3} perform quite well, and (ii) the estimators with Ax = 1 work best in most cases and perform quite close
to the best ones in other cases. This verifies our claim that Ag should be selected as some small integers. We suggest to
select Ak € {l 2, 3} in practice.

Based on Eu = (6u,ij)pxp and 2 (6bcj),,xp, to derive their thresholding version 2 and :‘Jb“ e , we need
to determine the thresholdmg level. Our theoretlcal analysis shows that the thresholding level should have the order
(Kn;'log p)'/?. Notice that 6,;; = n;; Zk 1 Cije With gij e = (2Niji)™! thesuyk(Yi,tw — Yit; )Yty — Yiy,)- Since

Var(6y,;;) has the order Knj 1 the long-run variance of the sequence {;“,-J,k},:l’;j1 has the order K. To incorporate the
heterogeneity of the estimators &, ; j, we implemented the thresholding estimators in practice as

Sthre A ~ ~ PR

X =64 o = [Bui{16uijl = BulBijni IOgP)l/Z}]po, (18)
< be, thre ~ b, th
Eu = (qujt re)pxp [ L?S]I{'Uu ;]| > Bl z]n”l IOgP)UZ}]po s

where B, > 0 is a constant, and 9,1 is an estimate for the long-run variance of the sequence {;“,-,j,k}:’;j]. Write ;:,;j =

n;;' ¢k We chose 6;; in (18) as

njj—1

~ £\ ~
9,',]' = Z K<E>Hi,j(€)a

{=—n;j+1
where K(-) is a symmetnc kernel function, h is the bandwidth, Hj;(¢) Zk i1 (Gigie = Gi)&ijk—e — &ig) for £ >0
and ﬁ,»,j(ﬁ) = nu ZE_ZH({,] ket — g,])(gu Kk — g,,]) otherwise. Andrews (1991) suggested the quadratic spectral kernel
25 sin(67x/5)
K(x) = — cos(6bmrx/5
)= 13m0 { 67x/5 (6mx/5)

with optimal bandwidth h = 1.3221{411,-,]-55].(1 — D)%)/, where ®;; is the estimated autoregressive coefficient in the

fitted AR(1) model for the sequence {g‘,-,j,k};:";j]. In our simulation, we have tried 8, € [1.75, 2.25] and the associated results
are similar. We suggest to select 8, = 2 in practice.

6.1.4. Simulation results
For given estimator 3, we evaluated its relative estimation error ||Z‘ Xull2/11 2 4ull2 in different settings. Table 1

summarizes the averages of the rhelatlve estimation errors based on 1000 repetitions. We have several observations.
First, we find that 1r1 general, 2 bethre performs quite well for all cases with satisfactorily small relative estimation errors

compared with Z‘ °. Further, 2 " performs quite well when 25202/ = 0.063 but poorly when 25202/ = 0.00252.
This suggests that when the noise is quite small, the bias-correction is necessary. Second, as the dimension p increases,
the relative estimation errors worsen a bit, but at a very slow pace growing with p. This demonstrates the promising
performance of the thresholding method for handling high-dimensional covariance estimations. Third, as the sampling
frequency becomes higher (smaller A or 1), the performance is improved by observing smaller relative estimation errors,
reflecting the blessing to the covariance estimations with more high-frequency data. This is actually the reason why the
performance of the estimator with synchronous data is better than that with asynchronous data when A and A are the
same. Fourth, we find that the differences are small among the performances with different Ay, especially when the data
are synchronous. Fifth, we find that the empirical performance of the proposed estimators is robust to jumps, confirming
our finding in Theorem 9.

In addition, for given estimator 3= (0ij)pxp, We also calculated in Tables 2 and 3 the true positive rate (TPR) and the
false positive rate (FPR) defined as
I{(i,j) : 0ij # 0 and oy,i; # 0}

[{(i, J) : ouij # O}
[{(i,j) : 6ij # 0 and o ;; = O}
[{(i, ) : ouij = O}

Since the covariance matrix considered in Model 3 has no exact zero element, we omit reporting the TPR and FPR in
this case. Results in Tables 2 and 3 show that the TPRs of our proposed estimators for all cases are equal to 1 or quite
close to 1, and the FPRs for all cases are almost 0. This indicates that our proposed thresholding method can recover the
non-zero elements of the covarlance matrlx very accurately. From the results in Table 3 when the data are asynchronous
with A = 2 and 3, we find that Z‘ hre performs a bit better than 2 ¢, and both Zbc ™€ and E ¢ have lower TPRs

when 25202 /% = 0.00252, which i 1s reasonable as the signal-to-noise ratlo in terms of estlmatmg the covariance matrix
=be,th .
of noises is lower in this case. For the FPRs, we find that there is no big difference between the FPRs of X, <" with

TPR =

)

FPR =
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Table 1
Averages of the relative estimation errors (x100) for the proposed estimators when jumps exist and do not exist (in parentheses) based on 1000
repetitions.

Synchronous data Model 1 Model 2 Model 3

25202/6% p Estimators Ax A =3 A=2 A=1 A=3 A=2 A=1 A=3 A=2 A=1
0.063 50  sthre 1 45(45)  40(40) 32(32) 52(55) 46(49) 33(34) 63(63) 53(53)  4.3(43)
2 45(45)  4.0(4.0) 32(3.2)  53(56)  47(49)  3.3(35)  6.1(6.0) 52(5.1)  4.2(42)
3 46(46)  4.1(4.1) 32(3.3)  5.6(59) 48(5.1)  3.4(36) 59(5.9) 50050)  4.1(41)
Sibethre 1 46(46)  4.1(42) 33(3.3)  53(55)  47(49)  34(35) 6.4(6.4) 54(54)  4.4(4.3)
2 46(46)  42(42) 33(3.3)  5.3(56) 47(5.0)  34(36) 6.1(6.1) 52(52) @ 42(42)
3 47(47)  42(43)  33(34) 56(59) 49(52) 35(3.7) 6.060) 51(51)  4.1(4.1)
100 sthre 1 52(52) 44(44) 3.6(3.6) 57(59)  46(47) 35(35) 7.0(69)  6.0(6.0) = 4.8(47)
2 52(52)  44(44) 36(36) 5.8(59)  4.6(4.7) 35(36) 67(67) 58(58)  4.6(4.6)
3 53(53) 45(45) 36(37) 6.0(6.1)  48(49) 3.6(3.7) 66(65) 57(57)  4.6(4.5)
b thre 1 53(54)  45(45) 37(37)  5.8(6.0)  4.7(48) 36(37)  7.1(70)  6.1(6.1)  4.8(4.8)
2 54(54)  45(46) 37(37) 59(6.1)  48(49) 37(3.7) 69(68)  5959)  4.7(46)
3 5555) 46(47) 3.8(3.8) 6.1(63)  50(51) 3.8(39) 68(67) 58(58)  4.6(46)
200 e 1  6.06.0) 50(50) 4040) 55(55)  44(45) 3.3(34) 75(76) 65(65)  52(5.1)
2 5959) 50050) 40(40) 54(55)  44(45) 3.3(33) 7.3(73) 6.3(63)  5.0(5.0)
3 5959) 50(50) 40(40) 54(55)  45(45) 3.3(33) 7.2(72) 63(62)  5.0(49)
ibe,thre 1 6.2(62) 5.2(5.2) 42(42) 5.7(5.7) 4.6(4.7) 3.6(3.6) 7.7(7.8) 6.6(6.6) 5.3(5.2)
2 6.3(63) 53(5.3)  42(42) 57(57) 47(47) 3.6(36) 75(76)  65(6.5)  5.1(5.1)
3 63(63) 54(54) 43(43) 58(58)  48(48) 36(37) 75(75) 6.4(64)  5.1(5.1)
0.00252 50 e 1 235(186) 21.0(16.6) 9.9(8.0)  40.6(34.8) 36.4(30.9) 16.5(14.2) 19.9(16.3) 17.1(14.1) 9.0(7.5)
2 282(22.1) 24.3(19.0) 115(9.1) 49.0(41.6) 42.1(35.7) 19.4(16.6) 22.7(18.6) 19.0(15.7) 10.0(8.3)
3 33.0(25.9) 27.5(21.6) 13.1(104) 57.4(49.0) 47.6(40.7) 22.4(19.0) 25.5(20.9) 20.9(17.3) 10.9(9.1)
S hethre 1 46(46) 4.1(4.1) 3.3(3.3) 5.7(5.8) 4.9(5.1) 3.4(3.5) 6.7(6.7) 5.6(5.5) 4.4(4.4)
2 47(46)  41(41)  3.3(3.3)  59(6.1)  50(52) 34(36) 65(64) 54(54)  4.3(4.3)
3 48(47)  42(42) 33(3.3)  6.3(65) 52(54)  36(37) 63(63) 53(53)  4.2(42)
100 Sthre 1 31.9(32.1) 205(20.8) 12.6(12.8) 46.7(48.9) 29.8(31.4) 18.0(19.0) 25.5(25.3) 17.1(17.2) 11.0(10.9)
2 36.7(36.6) 23.8(23.9) 142(14.3) 53.7(56.0) 34.7(36.2) 205(21.5) 28.2(28.0) 19.0(19.1) 11.9(11.9)
3 415(41.3) 27.1(27.0) 15.9(16.0) 60.7(63.0) 39.5(41.0) 23.0(24.0) 31.1(30.7) 21.0(21.0) 12.9(12.8)
S3be.thre 1 54(54) 45(45) 37(37) 64(65)  49(49) 3.7(37) 75(74)  63(63)  4.9(4.8)
2 54(54)  45(45) 3.7(3.7)  6.6(6.7)  5.0(5.1)  3.7(3.8) 7.3(7.2) 6.1(6.1)  4.8(47)
3 56(56) @ 4.6(47) 37(38)  69(7.0)  52(53)  3.8(39) 7.2(7.1) 6.0(6.0)  47(46)
200 sithre 1 40.8(40.9) 26.5(26.6) 15.5(15.6) 44.7(45.4) 29.0(29.4) 16.8(17.1) 31.0(30.9) 21.0(21.1) 12.8(12.9)
2 45.4(455) 29.7(29.7) 17.2(17.2) 49.8(50.5) 32.5(32.9) 18.6(18.9) 33.8(33.6) 22.9(22.9) 13.8(13.8)
3 50.1(50.1) 32.9(32.8) 18.8(18.8) 55.0(55.6) 35.9(36.3) 20.4(20.6) 36.7(36.5) 24.8(24.8) 14.7(14.8)
Sibethre 1 75(62) 54(51) 42(41) 83(64) 57(48)  3.8(3.6) 82(82) 6969)  5.3(53)
2 81(63) 57(52)  42(41) 89(65)  6.1(4.9) 39(36) 8.1(8.1) 67(67)  52(52)
3 88(65) 6.0(53) 43(42) 96(67) 66(50) 41(3.7) 80(8.0) 67(66)  52(5.1)
Asynchronous data Model 1 Model 2 Model 3
25202/6% p Estimators Ax A =3 r=2 r=1 r=3 r=2 r=1 r=3 A=2 A=1
0.063 50  sithre 1 63(6.3) 51(5.1)  3.7(37)  9.8(10.1) 7.3(7.6)  44(47)  98(9.7)  7.3(72)  55(5.5)
2 65(6.4) 52(52) 37(37) 98(10.3) 75(7.8)  46(48)  9.2(9.2)  7.0(69)  52(52)
3 67(67)  5.4(5.3) 3.8(3.8) 10.3(10.7) 7.8(82)  4.8(5.1) 89(88)  68(67)  5.1(5.1)
S3be.thre 1 62(63) 52(52) 3.8(38)  98(102) 7.4(78)  45(47) 9.7(96)  7.2(72)  55(5.5)
2 64(64)  5.3(5.3) 3.8(38)  9.9(104) 7.6(80)  46(49) 9.1(9.1) 69(69)  5.3(53)
3 6.7(68) 54(55)  3.9(3.9) 10.4(11.0) 8.0(84)  49(52) 87(8.7) 6.7(67)  5.1(5.1)
100 sthre 1 76(76) 56(56) 42(4.2) 11.0(11.3) 7.3(7.4)  4.9(5.0) 10.5(104) 8.3(8.2)  5.9(5.9)
2 78(78) 57(57) @ 43(43) 11.0(11.3) 7.5(7.7)  5.0(5.1) 10.1(10.0) 7.9(7.8)  5.7(5.7)
3 81(8.1)  59(59)  44(44) 11.3(11.6) 7.8(8.0)  52(5.3) 99(98)  7.7(76)  5.6(5.6)
Sbethre 1 7.7(77)  57(57)  43(4.3) 11.2(11.6) 7.5(7.6)  5.1(5.2) 10.4(10.3) 8.2(8.1)  5.9(5.9)
2 80(80) 58(59)  44(44) 11.3(11.7) 7.7(7.9)  5.2(5.3) 10.0(9.9) 7.9(78)  5.8(5.8)
3 83(83) 6.1(6.1)  46(4.6) 11.8(12.1) 8.1(8.3)  5.4(55) 98(9.7) 7.7(76)  5.7(5.7)
200 e 1 9.1(9.1) 66(66)  48(48) 10.6(11.0) 7.2(7.4)  4.7(4.8) 11.3(11.2) 8.8(8.7)  6.3(6.3)
2 92(92) 67(67)  48(4.9) 10.4(10.8) 7.3(7.4)  4.7(4.8) 11.0(11.0) 85(85)  6.2(6.2)
3 94(94) 68(68)  4.9(4.9) 10.6(10.9) 7.4(7.5)  4.7(4.8) 10.9(10.8) 8.4(8.3)  6.1(6.1)
Sbethre 1 94(94) 6969)  5.0(5.0) 11.1(11.6) 7.6(7.7)  5.0(5.1) 11.2(11.2) 87(8.7)  6.4(6.4)
2 97(96)  7.0(7.1)  5.1(5.1) 11.1(11.5) 7.7(7.8)  5.0(5.1) 11.0(11.0) 85(85)  6.3(6.3)
3 10.0(10.0) 7.3(7.3)  5.2(5.2) 11.4(11.7) 7.9(8.1)  5.1(5.2) 10.9(109) 8.4(84)  6.2(6.2)

(continued on next page)
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Table 1 (continued).

000252 50 SPe 1 618(492) 46.7(36.8) 18.4(147) 109(932) 81.8(69.6) 315(27.0) 48.2(404) 36.7(303) 16.1(13.3)
2 789(62.3) 555(43.9) 22.1(17.4) 137(118)  97.2(83.5) 38.2(32.4) 57.5(47.8) 415(345) 18.3(15.1)

3 958(75.9) 64.3(51.3) 26.0(20.3) 165(143) 113(97.7) 45.0(38.1) 67.4(555) 46.4(38.8) 20.5(16.9)

shetie 1 69(67)  54(53)  3.8(38) 15.1(148) 8.1(8.1)  4.7(4.8) 127(12.2) 85(83)  58(5.7)

2 72(69)  54(54)  38(38) 15.8(155) 8.3(82)  4.8(5.0) 12.9(122) 84(82)  5.6(5.5)

3 76(70)  55(55)  3.9(3.9) 16.6(16.6) 8.6(85)  5.0(5.3) 132(12.3) 83(8.1)  5.4(5.4)

100 S 1 91.9(895) 46.8(46.9) 247(248) 133(136) 68.9(72.1) 35.9(37.6) 653(640) 37.4(37.1) 20.4(203)
2 107(104) 55.7(55.6) 28.5(285) 156(160)  82.1(85.4) 41.6(433) 73.9(72.1) 42.1(42.3) 22.6(22.4)

3 121(119)  64.8(64.8) 32.4(32.2) 179(183) 95.3(98.7) 47.3(49.0) 82.8(81.1) 47.0(47.7) 24.9(24.6)

shetie 1 90(88)  58(58)  43(4.3) 19.8(214) 8.4(84)  52(5.3) 155(15.0) 9.7(9.6)  6.3(6.3)

2 99(99)  59(59)  44(44)  20.8(22.8) 85(85)  5.3(5.4) 16.1(15.5) 9.5(94)  6.2(6.1)

3 113(113) 6.1(6.1)  45(45)  22.0(242) 88(89)  55(5.6) 169(16.1) 95(9.3)  6.1(6.0)

200 St 1 119(121)  635(645) 31.2(314) 132(135) 69.8(71.6) 34.0(347) 81.1(82.0) 46.7(47.8) 24.5(24.5)
2 132(135)  72.6(732) 349(35.1) 149(152) 79.5(81.3) 38.1(38.8) 89.9(91.1) 51.7(52.7) 26.6(26.7)

3 147(150) 81.8(82.0) 38.7(38.8) 167(170) 89.3(91.1) 422(42.9) 99.5(101) 57.1(57.7) 28.9(28.9)

shethie 1 143(143) 7.2(67)  5.1(49)  255(27.1) 97(9.7)  53(5.1) 18.9(18.9) 10.8(10.7) 6.9(6.8)

2 156(157) 7.4(68)  52(50)  27.2(289) 10.0(99) 55(52)  20.1(202) 10.8(10.7) 6.7(6.7)

3 17.1(17.1) 7.8(69)  5.4(5.1)  28.8(305) 10.4(10.2) 58(5.3)  21.4(217) 10.9(10.8) 6.7(6.7)

different values for 25202 /5. However, the FPRs of E‘;hre when 252062/5% = 0.00252 are much higher than those when
252092 /5% = 0.063, showing the impact from weaker signal. This again suggests that the bias-correction is very helpful,
especially for handling relatively weaker signals.

6.2. Real data analysis

We analyzed a real high-dimensional data set, studying the statistical properties of microstructure noises that
contaminate the trading prices (log-prices) of the constituent stocks of S&P 500. Intra-day tick-by-tick trading data on
two days, November 4 and 22, 2016, were downloaded from the TAQ database.

Besides the prices themselves, the Global Industry Classification Standard (GICS) codes are available to classify the
companies in S&P 500.> Based on the GICS codes, there are 36, 27, 71, 84, 36, 58, 64, 65, 5, 28, and 26 companies
respectively belonging to the 11 different sectors — Energy (E), Materials (M), Industrials (I), Consumer Discretionary
(D), Consumer Staples (S), Health Care (H), Financial (F), Information Technology (T), Telecommunication Services (C),
Utilities (U), and Real Estate (R). Since there are only 5 companies belonging to Telecommunication Services, we therefore
combined the companies belonging to the Information Technology and Telecommunication Services together and denoted
them as ‘T". Our analysis does not assume any information from the GICS classifications; we use it for validating and
interpreting the outcomes from applying the proposed method.

Upon applying the proposed methods, we report in Fig. 1 the magnitudes of the elements in the correlation matrices
of the microstructure noises estimated from E‘Zc’thre in (18), respectively, for November 4 and 22, 2016 with tuning
parameters suggested in Section 6.1.3. Here the companies are sorted by the categories defined by the GICS codes. The
red blocks along the diagonal in Fig. 1 represent the industrial classifications according to the digits 1-2 of GICS codes.
Hence, we can examine both the within- and between-block correlations as revealed by our estimator.

We remark with some interesting findings from Fig. 1. Overall, we can see that the estimated correlation matrices
are sparse with many components estimated as zero, indicating that our approach achieved the goal of parsimonious
covariance estimations that can (i) effectively identify nonzero components, and (ii) support providing meaningful
interpretations. More specifically, we see that the correlations differ substantially on these two days; and such difference
is related to the level of the Chicago Board Options Exchange Volatility Index (VIX), a popular measure of the stock
market’s expectation of volatility implied by S&P 500 index options. On November 4 when the VIX level was higher,
and the overall correlation level between different components of the microstructure noise is also found to be higher
than that on November 22. Upon examining the within- and between-category correlations with categories defined by
the GICS codes, we see that the correlations within each industrial sector are clear, especially for the Energy and Financial
sectors. In contrast, the correlations between different industrial sector are much weaker. Meanwhile, we observe that
the correlation estimations have no substantial difference between the cases with Ax = 1 and 3, an indication that our
method is not sensitive for the choice of Ag.

These findings suggest us that it is practically meaningful by studying the high-dimensional statistical properties of
the noises. For example, the between-day difference in correlations is helpful to understand the changes in the market
sentiment under different market conditions. Furthermore, an interesting feature is the pattern found in the within- and

3 The code is 8-digits and each company has its unique code. Digits 1-2 of the code describe the company’s sector; digits 3-4 describe the
industry group; digits 5-6 describe the industry; digits 7-8 describe the sub-industry.
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Table 2
The empirical true positive rates (x100) and false positive rates (x 100) with synchronous data when jumps exist and do not exist (in parentheses) based on 1000 repetitions.
Model 1 Model 2
TPR FPR TPR FPR
25202/6% p Estimators Ay A =3 A=2 A=1 A= A=2 A= A=3 A=2 A=1 A=3 A= A=1
0.063 50 Sithre 1 100(100) 100(100)  100(100)  0.5(0.5) 0.9(0.9) 0.6(0.5) 100(100) 100(100) 100(100)  0.5(0.5) 0.9(0.9) 0.5(0.5)
2 100(100) 100(100)  100(100)  0.8(0.8) 1.2(1.2) 0.8(0.8)  100(100) 100(100) 100(100)  0.8(0.8) 1.2(1.2) 0.8(0.8)
3 100(100)  100(100)  100(100)  1.2(1.2) 1.6(1.6) 1.2(1.2)  100(100) 100(100)  100(100)  1.2(1.2) 1.6(1.7) 1.2(1.2)
S he,thre 1 100(100) 100(100)  100(100)  0.5(0.6) 1.0(1.0) 0.6(0.6) 100(100) 100(100) 100(100)  0.5(0.6) 1.0(1.0) 0.6(0.6)
2 100(100)  100(100)  100(100)  0.8(0.9) 1.4(1.3) 0.9(0.9)  100(100) 100(100)  100(100)  0.8(0.9) 1.3(1.4) 0.9(0.9)
3 100(100) 100(100) 100(100) 1.3(1.3) 1.8(1.8) 1.4(1.4) 100(100) 100(100) 100(100)  1.3(1.4) 1.8(1.9) 1.4(1.4)
100  sthre 1 100(100) 100(100)  100(100)  0.6(0.6) 0.5(0.4) 0.6(0.5) 100(100) 100(100) 100(100)  0.6(0.6) 0.5(0.5) 0.6(0.6)
2 100(100) 100(100)  100(100)  0.8(0.8) 0.6(0.6) 0.7(0.7)  100(100) 100(100) 100(100)  0.8(0.8) 0.7(0.6) 0.7(0.7)
3 100(100) 100(100) 100(100) 1.0(1.0) 0.9(0.9) 1.0(1.0) 100(100) 100(100) 100(100)  1.0(1.0) 0.9(0.9) 1.0(1.0)
S be.thre 1 100(100) 100(100)  100(100)  0.7(0.7) 0.5(0.5) 0.7(0.6)  100(100) 100(100) 100(100)  0.7(0.7) 0.5(0.5) 0.7(0.7)
2 100(100) 100(100) 100(100)  0.9(0.9) 0.7(0.7) 0.9(0.9) 100(100) 100(100) 100(100)  0.9(0.9) 0.7(0.7) 0.9(0.9)
3 100(100) 100(100)  100(100) 1.2(1.2) 1.1(1.1) 1.2(1.2) 100(100) 100(100) 100(100)  1.2(1.2) 1.1(1.1) 1.2(1.2)
200  sthre 1 100(100) 100(100)  100(100)  0.5(0.5) 0.5(0.5) 0.5(0.5)  100(100) 100(100) 100(100)  0.5(0.5) 0.5(0.5) 0.5(0.5)
2 100(100)  100(100)  100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6)  100(100) 100(100)  100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6)
3 100(100) 100(100)  100(100)  0.7(0.7) 0.7(0.7) 0.7(0.7) 100(100) 100(100) 100(100)  0.7(0.7) 0.7(0.7) 0.7(0.7)
Sibe.thre 1 100(100)  100(100)  100(100)  0.6(0.6) 0.5(0.5) 0.6(0.6)  100(100) 100(100)  100(100)  0.6(0.6) 0.6(0.5) 0.6(0.6)
2 100(100) 100(100)  100(100)  0.7(0.8) 0.7(0.7) 0.8(0.8) 100(100) 100(100) 100(100)  0.8(0.8) 0.7(0.7) 0.8(0.8)
3 100(100) 100(100)  100(100)  0.9(0.9) 0.8(0.8) 0.9(0.9) 100(100) 100(100) 100(100)  0.9(0.9) 0.9(0.8) 0.9(0.9)
0.00252 50 5 thre 1 100(100) 100(100)  100(100)  5.6(4.4) 7.6(6.2) 4.0(3.0)  100(100) 100(100) 100(100)  11.0(9.8) 13.4(12.1)  8.3(7.0)
2 100(100) 100(100) 100(100)  8.2(6.8) 10.0(8.6) 5.8(4.5) 100(100) 100(100) 100(100)  14.2(13.1) 16.1(15.0) 10.9(9.5)
3 100(100) 100(100)  100(100) 10.9(9.7) 12.5(11.1)  8.0(6.6) 100(100) 100(100) 100(100)  17.2(16.4) 18.7(17.8) 13.6(12.4)
ﬁﬁ“‘“e 1 100(100) 100(100) 100(100)  0.5(0.5) 0.8(0.8) 0.5(0.5) 100(100) 100(100) 100(100)  0.5(0.5) 0.8(0.8) 0.5(0.5)
2 100(100) 100(100)  100(100)  0.7(0.7) 1.1(1.1) 0.8(0.8) 100(100) 100(100) 100(100)  0.7(0.7) 1.0(1.1) 0.7(0.8)
3 100(100) 100(100)  100(100)  1.1(1.1) 1.5(1.5) 1.2(1.2)  100(100) 100(100) 100(100)  1.1(1.1) 1.5(1.5) 1.1(1.2)
100 ﬁ{}“e 1 100(100) 100(100)  100(100)  4.1(4.0) 3.02.8) 2.8(2.7) 100(100) 100(100) 100(100)  7.5(7.3) 6.0(5.8) 5.6(5.3)
2 100(100) 100(100)  100(100)  5.4(5.2) 4.2(4.0) 3.8(3.6) 100(99.9) 100(100) 100(100)  8.9(8.8) 7.5(7.2) 6.9(6.6)
3 100(100) 100(100)  100(100)  6.7(6.6) 5.5(5.3) 49(4.7)  99.9(99.8) 100(100) 100(100)  10.3(10.2)  9.0(8.7) 8.2(8.0)
Sbe,thre 1 100(100) 100(100)  100(100)  0.5(0.5) 0.4(0.4) 0.5(0.5) 100(100) 100(100) 100(100)  0.5(0.5) 0.4(0.4) 0.5(0.5)
2 100(100) 100(100)  100(100)  0.7(0.7) 0.6(0.6) 0.7(0.7) 100(100) 100(100) 100(100)  0.7(0.7) 0.6(0.6) 0.7(0.7)
3 100(100) 100(100)  100(100)  0.9(0.9) 0.8(0.8) 1.0(1.0) 100(100) 100(100) 100(100)  0.9(0.9) 0.8(0.8) 1.0(1.0)
200  sthre 1 100(100) 100(100) 100(100)  2.8(2.8) 2.2(2.2) 2.0(2.0)  99.8(99.8) 100(100) 100(100)  4.6(4.7) 3.9(4.0) 3.6(3.6)
2 100(100) 100(100)  100(100)  3.3(3.4) 2.7(2.8) 2.4(2.5)  99.8(99.7) 100(100) 100(100)  5.2(5.3) 4.6(4.6) 4.1(4.2)
3 100(100) 100(100)  100(100)  3.9(3.9) 3.3(34) 2.9(3.0)  99.6(99.6) 100(99.9) 100(100)  5.8(5.8) 5.2(5.2) 4.7(4.7)
Sbe,thre 1 100(100) 100(100)  100(100)  0.5(0.5) 0.4(0.4) 0.5(0.5) 100(100) 100(100) 100(100)  0.5(0.5) 0.4(0.4) 0.5(0.5)
2 100(100) 100(100)  100(100)  0.6(0.6) 0.5(0.5) 0.6(0.6)  100(100) 100(100) 100(100)  0.6(0.6) 0.5(0.5) 0.6(0.6)
3 100(100) 100(100) 100(100)  0.7(0.7) 0.7(0.7) 0.8(0.8) 100(100) 100(100) 100(100)  0.7(0.7) 0.7(0.7) 0.8(0.8)
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Table 3
The empirical true positive rates (x100) and false positive rates (x100) in different settings with asynchronous data when jumps exist and do not exist (in parentheses) based on 1000 repetitions.
Model 1 Model 2
TPR FPR TPR FPR
25202/6% p Estimators Agx A =3 A=2 A=1 A=3 A=2 A= A=3 A=2 r=1 A= A= r=1

0.063 50 S3thre 1 100(100) 100(100) 100(100)  0.6(0.6) 0.9(0.9) 0.4(0.4) 99.3(98.9) 100(100) 100(100) 0.6(0.6) 0.9(0.9) 0.5(0.4)

2 100(100) 100(100) 100(100)  0.9(0.9) 1.2(1.2) 0.7(0.7)  99.7(99.5)  100(100) 100(100) 0.9(0.9) 1.3(1.2) 0.7(0.7)

3 100(100)  100(100)  100(100)  1.3(1.3) 1.6(1.6) 1.1(1.1)  99.8(99.7)  100(100)  100(100)  1.4(1.3) 1.7(1.7) 1.1(1.1)

Sbe,thre 1 100(100) 100(100) 100(100)  0.6(0.6) 1.0(1.0) 0.5(0.5) 99.3(98.9) 100(100) 100(100) 0.6(0.6) 1.0(1.0) 0.5(0.5)

2 100(100)  100(100)  100(100)  1.0(1.0) 1.4(1.4) 0.8(0.8) 99.7(99.4) 100(100)  100(100)  1.0(1.0) 1.4(1.4) 0.8(0.8)

3 100(100) 100(100) 100(100)  1.5(1.5) 1.9(1.9) 1.3(1.3) 99.8(99.7)  100(100) 100(100) 1.5(1.5) 1.9(1.9) 1.3(1.3)

100  sthre 1 100(100) 100(100) 100(100)  0.6(0.6) 0.4(0.4) 0.5(0.5) 99.4(99.1) 100(100) 100(100) 0.6(0.6) 0.4(0.4) 0.5(0.5)

2 100(100) 100(100) 100(100)  0.8(0.8) 0.6(0.6) 0.7(0.7)  99.7(99.5)  100(100) 100(100) 0.9(0.9) 0.7(0.7) 0.7(0.7)

3 100(100) 100(100) 100(100)  1.1(1.1) 0.9(0.9) 1.0(1.0) 99.8(99.7)  100(100) 100(100) 1.1(1.1) 0.9(0.9) 1.0(1.0)

Sbe,thre 1 100(100) 100(100) 100(100)  0.7(0.7) 0.5(0.5) 0.6(0.6) 99.4(99.0) 100(100) 100(100) 0.7(0.7) 0.5(0.5) 0.6(0.6)

2 100(100) 100(100) 100(100)  1.0(1.0) 0.8(0.8) 0.9(0.9) 99.7(99.4) 100(100) 100(100) 1.0(1.0) 0.8(0.8) 0.9(0.8)

3 100(100) 100(100) 100(100)  1.3(1.3) 1.1(1.1) 1.2(1.2) 99.8(99.6) 100(100) 100(100) 1.3(1.3) 1.1(1.1) 1.2(1.2)

200 Sthre 1 100(100) 100(100) 100(100)  0.5(0.5) 0.5(0.5) 0.5(0.5) 99.4(98.8) 100(100) 100(100) 0.5(0.5) 0.5(0.5) 0.5(0.5)

2 100(100)  100(100)  100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6) 99.6(99.2) 100(100)  100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6)

3 100(100) 100(100) 100(100)  0.7(0.7) 0.7(0.7) 0.7(0.7)  99.7(99.4)  100(100) 100(100) 0.7(0.7) 0.7(0.7) 0.7(0.7)

b thre 1 100(100)  100(100) ~ 100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6) 99.3(98.6) 100(100)  100(100)  0.6(0.6) 0.6(0.6) 0.6(0.6)

2 100(100) 100(100) 100(100)  0.8(0.8) 0.7(0.7) 0.8(0.8) 99.6(99.1)  100(100) 100(100) 0.8(0.8) 0.7(0.7) 0.8(0.8)

3 100(100) 100(100) 100(100)  1.0(1.0) 0.9(0.9) 0.9(0.9) 99.7(99.3)  100(100) 100(100) 1.0(1.0) 0.9(0.9) 0.9(0.9)

0.00252 50 5 thre 1 99.8(100) 100(100) 100(100)  6.6(5.6) 8.9(7.9) 4.7(3.6) 88.4(89.8) 97.0(97.9) 100(100) 12.7(12.0)  15.3(14.6) 9.8(8.5)
2 98.4(99.6)  100(100) 100(100)  9.3(8.4) 11.6(10.7) 7.1(5.7) 87.8(89.9) 96.6(97.4) 100(100) 15.8(15.4) 18.1(17.6)  12.9(11.7)
3 95.5(98.7)  100(100) 100(100)  11.8(11.2)  14.1(13.4) 9.8(8.4) 87.1(89.7) 96.3(97.0) 100(100) 18.4(18.3)  20.5(20.4) 15.9(14.9)

ig““fe 1 100(100) 100(100) 100(100)  0.2(0.2) 0.5(0.5) 0.4(0.4) 91.8(92.9) 99.8(99.8)  100(100) 0.2(0.2) 0.4(0.5) 0.4(0.4)

2 100(100) 100(100) 100(100)  0.3(0.3) 0.6(0.6) 0.6(0.6) 91.2(92.7) 99.8(99.8)  100(100) 0.3(0.3) 0.6(0.6) 0.6(0.6)

3 99.9(100) 100(100) 100(100)  0.3(0.4) 0.7(0.8) 0.9(0.9) 90.0(92.3) 99.7(99.8)  100(100) 0.3(0.4) 0.7(0.8) 0.9(0.9)

100 ﬁ{}"e 1 96.2(97.4)  100(100) 100(100)  4.5(4.4) 3.6(3.5) 3.6(34) 86.1(80.9) 98.1(97.4) 100(100) 8.2(8.1) 7.0(6.9) 6.8(6.6)

2 93.4(94.8)  100(100) 100(100)  5.6(5.6) 5.0(4.9) 4.8(4.6) 85.4(80.2) 97.9(97.0) 100(100) 9.3(9.3) 8.6(8.4) 8.2(8.1)

3 89.9(91.8)  100(99.8) 100(100)  6.6(6.6) 6.3(6.2) 6.1(6.0) 84.3(79.3) 97.7(96.6)  100(100) 10.3(10.3)  10.0(9.9) 9.7(9.5)

Sibe,thre 1 99.9(99.9)  100(100) 100(100)  0.2(0.2) 0.2(0.2) 0.4(0.4) 87.5(84.5) 99.8(99.6) 100(100) 0.2(0.2) 0.2(0.2) 0.4(0.4)

2 99.8(99.8)  100(100) 100(100)  0.2(0.2) 0.3(0.3) 0.6(0.6) 86.5(83.4) 99.8(99.7)  100(100) 0.2(0.2) 0.3(0.3) 0.6(0.6)

3 99.5(99.5)  100(100) 100(100)  0.2(0.2) 0.4(0.4) 0.8(0.8) 85.1(82.0) 99.8(99.7)  100(100) 0.2(0.2) 0.4(0.4) 0.8(0.8)

200 ﬁ{}“’e 1 89.3(89.6)  100(99.9) 100(100)  2.7(2.8) 2.6(2.6) 2.5(2.6) 76.1(70.5) 98.0(97.0) 100(99.9) 4.7(4.7) 4.4(4.5) 4.3(4.4)

2 85.6(86.0) 99.9(99.8) 100(100)  3.1(3.2) 3.1(3.2) 3.0(3.1) 73.9(68.4) 97.9(96.9) 100(99.9) 5.0(5.1) 5.0(5.1) 4.9(5.0)

3 82.4(82.7) 99.5(99.7) 100(100)  3.5(3.5) 3.6(3.7) 3.6(3.7) 71.9(66.6) 97.7(96.7)  99.9(99.8) 5.4(5.5) 5.6(5.6) 5.5(5.6)

Sbethre 1 99.1(99.1)  100(100) 100(100)  0.1(0.1) 0.2(0.2) 0.4(0.4) 76.1(70.9) 99.2(98.6)  100(100) 0.1(0.1) 0.2(0.2) 0.4(0.4)

2 98.4(98.3)  100(100) 100(100)  0.1(0.1) 0.2(0.2) 0.5(0.5) 73.7(68.5) 99.2(98.5)  100(100) 0.1(0.1) 0.2(0.2) 0.5(0.5)

3 97.4(97.3)  100(100) 100(100)  0.1(0.1) 0.3(0.3) 0.6(0.6) 71.4(66.3) 99.1(98.4)  100(100) 0.1(0.1) 0.3(0.3) 0.6(0.6)
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Fig. 1. Magnitudes of the elements in the estimated correlation matrix of the microstructure noises on November 4 and 22, 2016.

Note: The graph describes the magnitudes of the elements in the estimated correlation matrices of the microstructure noises. Different colors
denote different values of the pairwise correlations. The red squares along the diagonal denote the sectors—Energy (E), Materials (M), Industrials
(I), Consumer Discretionary (D), Consumer Staples (S), Health Care (H), Financial (F), Information Technology and Telecommunication Services (T),
Utilities (U), and Real Estate (R).

between-industrial sector correlations, which is seen interrelated to the market conditions. Broad questions include how
the correlations between noises vary associated with the prices and/or the volatility of different assets, how the sparse
covariance matrix of the noises can help in solving practical problems, and so on. Supported by our new methods, we
expect more future investigations along this line.

7. Discussion

In this paper, we consider estimating the covariance matrix of the high-dimensional noise in high-frequency data. We
propose an estimator with appropriate localization and thresholding to achieve the minimax optimal convergence rates
under two kinds of loss. Although all theoretical properties of the proposed estimator are derived under the continuous-
time model (1), the method developed in this paper could be applied to other types of process X;, such as the smooth ones
typically encountered in the functional data literature. The key property that makes our method work is the continuity
of the underlying process X, but the convergence rate of the proposed estimator depends on more specific assumptions,
such as those implied by the model (1). On the other hand, Assumption 2 can be replaced by a weaker assumption
that min; jejp; nij — 00 and max; jepp MaXe(n; j—1] Alijk — 0 as n — oo. If we write Ny, = min; jerp) N;; and assume
MaXi je[p) MaXgepn; ;—1] Alijk < n., for some € € (0, 1], with suitable selection of K, Theorems 1 and 3 in Section 3 still
hold with replacing n, by nfrffn), where g(e) € (0, 1] is a function of €. More specifically, if ¢ = 1, then g(1) = 1. However,
whether such rates are minimax optimal under the associated losses or not is unclear.
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In the analysis of this study, we focus on noises with homoscedastic covariance matrix, so that our target is Cov(U,,) =
Y, for each k € [n]. As an interesting problem, our framework can be extensively developed to handle time-varying
heteroscedastic noise where the target covariance is time-dependent Cov(U,,) at a given time point ¢, instead. Denote
by o the Hadamard product..Assume‘ U, = Yy © X with y, = (V1,4 -+, Yoot )" and Xo = (X1,t,5s oo Xty )T, where
Y1t ---» Vp,t are p nonnegative continuous-time processes, and each sequence {y;, }k=1 1S a-mixing. Without loss of
ggnerality, we assume E(x;j,) 'E'O and E(Xj?tk) = 1 for each j € [p] and k € [n]. Recall i N G = {tij1,..., ti,j,ni,j}
withtjj <.+ < tijon; for any i,j € [p]. We outline a framework as follows.

Step 1. Given some & = o(1), define ¢* = {t;; € G : |ti; — t5| < &} and n(s) 169 N g(s)| For each t;j; € ¢ N g}s),

write St = {tije € 6V NGY 1 K < [€ —k| <K + A} and Nu ¢ = IS We then define 6", in the same manner

as 6y,ij in (5) with replacing (n;j, Nij, Sijk) by (n fsj) Nf])k, S” ) Under the independence between the process y, and
~(s)

the sequence {x;, }i>1, following our current technical arguments, we have & Ouij = YitsVi, E(Xi, Xj.¢,) in probability with
suitable selection of . ~

Step 2. Given some integers K > 1 and h > 1, if E(yi., ¥j.¢,) and E(xi.¢, xj., ) are both slowly varying with k, we know
{N,] 31 be i 6L(l’szrjbh) with I(Ji(j.) = |{s+bh € [n] : |b| < K}| will provide a consistent estimator for Cov(Uiy,, Uj,) under
some regularity conditions with suitable selections of K and h.

Clearly, this problem differs substantially from our current investigation. The technical analysis of such estimator would
require an extensive framework including additional assumptions on {y;, }k>=1 and {x,, }x>1 which are beyond the scope
of this study. We plan to carefully investigate this problem in a future project.

8. Proofs

In the sequel, we use C to denote a generic positive finite universal constant that may be different in different uses.
8.1. Proof of Theorem 1

For any k € [n;;], let S, = {tij¢ : K < [€ — k| < K + Ag}. For any i, j € [p], we have that

nj j

1 1

Z (Uf,t,'.j,[ - Ui,ti)j.k )(L]j,ti,j,[ - l-]j,[,',j.k) - Gu,i,j

tij 0 €Sijk

Ouij = Ouij = 5—
2nj = Nijk

1(i.j)

n,-yj

1 1
Xit:, —Xit:., ) Xit.., — Xi¢..

zni,j P N,] X Z ( Ltije l$tl,],’()( i tije ]’tl,j,k)

G e€Sijk

+

11i.j)
n;j

* o R

Z Xlt,J( Xltljk)([jjf,)[ L,jtl_]k)

Nijk
Js Gij e €Si jk

1(i.j)
n;

ZmJZ Z U’tlﬂ U”Uk)(xltué Xquk)'

k=1 tljgesuk

IV(i.j)
Define £ = max; jepp MaXge(n; ) MaXe;; es; [tij ¢ — tijkl. To prove Theorem 1, we need the following three propositions
whose proofs are given in Sections 8.2-8.4, respectively.

Proposition 1. Under Assumptions 1-3, we have that

max P(|I(i. ) > v} < {14 nu(K + Ln)” TP v expl—C(n,Ly o)D) o exp(—Cn K o M)
ijelp
for any v > exp(—CL,“K?) and p > 1. Furthermore, it holds that max; jerp) E{|1(i, ))I™} < 1 for any fixed positive integer m.

Remark 5. As shown in Section 8.2, the upper bound stated in Proposition 1 holds for any v >> § := max; je[p |”Ej] ZZ:]

E(N;; ],(Ul ik Ztu,eeSi.j,k Uj,tw)l. Since § < exp(—CL,’K¢?), by Davydov's inequality, we need the restriction v >

exp(—CL, “K*) in general settings.
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(i) If {Uy, } is an independent sequence, we can select L, = 1/2 and ¢ = oo in Assumption 1. Then we have § = 0 in this
setting, and the upper bound stated in Proposition 1 can be refined as {1+n.(K+L,)"'p~"v?}=*/2+v~Texp(—Cn.K 1 p~1v)
which holds for any v > 0 and p > 1.

(ii) If {Uy, } is an L,-dependent sequence, we can select ¢ = oo in Assumption 1. If K > L,, we have § = 0 in this setting,
and the upper bound stated in Proposition 1 can be refined as {1 4+ n.(K + L,)"1p~"v?}/2 4 v~ Texp(—Cn,. K~ 1p~1v)
which holds for any v > 0 and p > 1.

Proposition 2. Under Assumptions 2, 4 and 5, we have that

max P{|II(i, j)| > v} < exp(—Cn, K~ "v?) + exp{—C(n,K ")/ 4}
ije

for any v = o{(n;'K)¥ 9}, where y is specified in Assumption 5. Furthermore, it holds that max; je, E{|II(i, )|} < ny™K™
for any fixed positive integer m.

Proposition 3. Under Assumptions 1-5, if K(log n,)'*%/¥ = o(n,) and K > L,, we have that

max P, ) = v} S exp(—Cn.L, 'v?) + exp{=C(n, Ly )"/} + exp{—C(n.K 1))
ijelp
for any v > 0, where y is specified in Assumption 5. Furthermore, it holds that max; jep; E{|II(i, j)|™} < n;m/zK’“/2 for any
fixed positive integer m. The same results also hold for 1V(i, ).

Remark 6. If ¢ = oo, the upper bound stated in Proposition 3 can be refined as exp(—Cn..L, v?) +exp{—C(n.L, 'v)"/?} +
exp{—C(nK~1)yr/(r+2)},

Write X = (n, 'K logp)'/2. We first consider the case with ¢ < co. Notice that (1+ cx~')™ > e~¢ for any x > 0 and
¢ > 0. By Propositions 1-3, if K(logn,)!*?/* = o(n,) and K > L,, we have
max P(I6u; — oyl > v) S (14 n(K +L)"'p7 10" 72 + v exp{=Cln,L, o~ w) D) (19)
ijelp
+ v exp(—Cn K~ p7 ) + exp{—C(n K1)/} 4 exp{—C(n,L, v)?/ 20+ 1)

for any v > exp(—CL,“K?), v = o{(n;'K)>**¥} and p > 1. Since K*L{ log{n,(K logp)~'} = o(1) and logp =
o{(n,K~1y/r+}, then exp(—CL,K¥) = o(R) and 8 = of(n;'K)*>**4}. Given a sufficiently large constant @ > 0, it
holds that

IE(|Zlu - Euloo) =< E{ L a;% |6'u,i,j - Uu,i,j|l(|6'u,i,j - O—u,i«j| > OlN)}

ijel]

,ea; 6w — ouijll (16uij — ouijl < OlN)} + E{

i.jell
= IA] +A2.

It is easy to see that A; < a®. By Cauchy-Schwarz inequality, we have

P
Ay < ZE{|5u,i,j — 0uijll(16uij — ouijl > aR)}

ij=1
< p? max{E(|6ui; — 0wV max{P(16ui; — ouijl > ar)}'>.
=D i,je[p]{ (| u,i,j u,z,j| )} i.je[p]{ (| u,i,j u,z,jl )}
Let p < logp > 1. Since K logp = o(n,), then it follows from (19) that

max P(16u,ij — ouijl > aX) < p~*" + exp{—C(n,KL, > log p)*/***?} + exp[—C{n.K ~(logp)~'}"/?]
ije

+ exp{—C(n K1Y/} 4 exp[—C{n,KL, *(logp)~"}¢/2 )]
with some sufficiently large w > 0, where w — o0 as @ — oc. Due to max; jep; E(16y,ij — au,i,j|2) < 1, if logp =
o[min{(n,L;2K)#/3¢+2) (n,K~")*}] with x = min{y /(y + 4), 1/3}, then
Ay < P77 + p? exp{—C(n, KL, log p)*/*¢*2)} + p® exp[—C{n.K~'(log p)~'}"/*]
+ p® exp{—C(n, K1Y/} 4 p? exp[—C{n,KL; *(log p)~'}#/?¥+2)]
< p*" + exp{—C(n.KL, log p)*/***?} + exp[—C{n.K ' (logp)~'}"/?]
+ exp{—C(n K1Y/} 4 exp[—C{n,KL, *(log p)~'}*/2¢+2)]

= o{(n; 'K logp)*} .
Hence, sup,, E(| X, — Zul) < (07K log p)'/2 provided that K(logn,)'*%/¥ = o(n,), K > Ly, K~¢L% log{n,(K logp)~'} =

o(1) and logp = o[min{(n.L;2K)*/C¢*+2) (n,K~1)*}].
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Now we consider the case with ¢ = oo. As we discussed in Remark 5(i), if {Uy,} is an independent sequence, we can
select L, = 1/2.Due to K > 1, we have K > L, in this case. Without loss of generality, we can always assume K > L, when
¢ = 0o. Based on Remark 5, it holds that {1+ n,(K +L,)" 'p~1v?}7*/2 + v~ lexp(—Cn,K~'p~1v) forany v > O and p > 1
under either of the scenarios: (i) {Uy,} is an independent sequence, and (ii) {Uy,} is an Ly- dependent sequence. Repeating
the arguments for ¢ < oo, we have supp, E(| 3y — uly) < (n 'K log p)!/2 provided that K(log n,)'*?/* = o(n,), K > L,
and logp = o{(n.K~1)*}. We complete the proof of Theorem 1. O

8.2. Proof of Proposition 1

To prove Proposition 1, we need the following lemma whose proof is given in Section 8.16.

Lemma 1. Let {z[}f:] be an a-mixing sequence of real-valued and centered random variables with «-mixing coefficients
{a(k)}k>1. Assume there exist some universal constants a; > 1, a;,b;,b, > 0, r € (0,2] and ¢ > O such that (i)
MaXrei] P(|z;| > u) < byexp(—byu") for any u > 0, (") a(k) < a;exp(— azlf“’|k—m|“’)for any integer k > 1, where
Lz > 0 and m = o(i1) > 0 may diverge with n. Let s~ = Zr1 ty=1 |Cov(z,, z,)| and 1, =1 /(r + @). It holds that

P(sup
keli]

for any x > 0 and p > 1, where we adopt the convention exp(—CO0~"x") = 0 for any x > 0.

> ﬁx) <1+ 22075 2)7P2 + x7 exp(—Ci* X p L") + X exp(—Cm T X p")

Remark 7. If ¢ = oo, we have r, = r. Then the upper bound in Lemma 1 can be refined as (1 + ?x?p~'s: %)™/ +
~Lexp{—Ci"x" p~"(m + Ly)~"}.

Now we begin to prove Proposition 1. Recall that

1 A1 1 1
I(i, j) = 72 -+ = Z (Ui,tij[L]][Ug Gul])
njj <= 2 2 ' Ni,j,k
=1 i kESij.e
11(i.)
nj j njj
1 Ul tijk 1 L’]tljk
Ly oy, o st sy -
4 =1 ok tij,0€Sijik 4 k=1 ’]’ G j.e€Sijk
I5(i.j) I3(i.)

In the sequel, we will bound the tail probabilities of 11(i J), (i, j) and I5(i, j), respectively.

For each £ & [mij]. let &ije = 27" (1+ X, s, NijidUis Uity — Ouiy)- Then we have Iy(i. j) = n;; 0 G- Recall
that Njj i = [Sijk| with S;j, = {tije : K < |€ — k| < K 4 Ag}. Since K < K 4+ Ag = o(n,) and n;; < n* — oo asn— oo,
we then have 2(K + Ag) < n;;j for sufficiently large n. Thus for sufficiently large n, it holds that

A+ 1, ifl<k<K,
Ak —K+k+1, ifK+1<k<K+ Ag,
Nijx = 2A + 2, ifK+Ac+1<k=<n;—K-— A, (21)
nij+Ax—K—-k+2, ifnj—K—-A¢+1<k=<n;—K,
A+ 1, ifn; —K+1=<k=<n,
which implies that minke[ni‘jj Nijk = Ax + 1 and MaXge(n, ;| Nijx = 2Ag + 2. Therefore, we have that c! <

Zfijkssi,j.l N,.Tj.]k < C holds uniformly over £ e [n;;] and i,j € [p]. By Lemma 2 of Chang et al. (2013), Assumption 3
yields MaX; je[p], teln; P(|ij.el > v) < Cexp(—Cv) for any v > 0, which implies MaX; je[pl, eeln; ] E(|§j!j’g|4) < C. It follows
from Davydov’'s inequality that Zzl{{ﬁzﬂ [CoV(&ijieys Cijen)l S ZZ;]:1 1+ 22’2’:] ZZ":EZH exp(—CL,*1¢1 — £2]%) < n,Ly.
By Lemma 1 with m = 0 and L; = L,, we have

max P{|1y(i, j)| = v} < (14 L, p~"0?) 72 + v~ exp(—C(n,L, " p~'v)?/ 1) (22)
i,jelp]
foranyv > 0and p > 1.
Define 7 = (2Nijx)~'U;, i qu (S Ujt;; .- Then (i, j) = ”u] Zk 1 Mijik- SINCe MaX; jefp) kefn; ) Nijik < 24k + 2 for
sufficiently large n, we know max; je(p) kefn; A Nijk is uniformly bounded away from infinity due to the fact Ag is a fixed
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constant. It follows from Assumption 3 that
max P(nijxl >x)< max P ! Z Uil = vVx)+  max  P(|Uy,,| > 2VX)
i,jelpl.keln; j] - i.jelpl.keln; ] Ni,j,k R i.jelpl.keln; j1 Lijk

< max 3 P(Ug, = VR max  P(IUig,l = 2vE)

ijelpl.keln; ] ijelpl.keln; j]
Y ti j e €Sijk Y

S exp(—(x)

for any x > 0. By Davydov's inequality, we have ZZ"",Q 1 |Cov(n,j ks i )l S (K + Ly). Write Nijk = Mijk — Mijk
with p;jr = E(nijk). By Lemma 1 with m = 2(K + Ag) and Ln = Ly, max;jep P( |n” Zk nijkl = x) < {1+
n(K + L) 'p~ %2772 + x Vexp(—C(n,L;  p~x)?/+D} 4+ xexp(—Cn, K~ 'p~'x) for any x > 0 and p > 1. Let
Sl,],k,] = {tl,],l € Sl,],k < k} and Si,j,k,Z = {tl,],l € Sl,],’( £ > k} Then Mijk = (2Ni,j,k)_1{IE(Ui,t,-,j.k thj,eesi.j,k,l L]j,tu,g) +
E(Ui g, th eSijn2 Uj.t;;,)}- By Davydov’s inequality and Jensen’s inequality, it holds that [E(U; Z[w i Utije, )<
(B0 1NV HEN Ty sy Untise e’ (K) 5 exp(—CLy“K#). Similarly, we have [E(Use;, Yy jes, e, Untise)l S
exp(—CLy “K#). Thus, it holds that maxijcp.kem;,1 [iijkl < exp(—CLy“K¥), which implies max;jep In;' >0 sijul <
exp(—CL,“K?). For any v > exp(—CL,“K¥) and p > 1, we have
i j
)= pase (o T = 5)

(14 nK+L) o W2+ v~ exp{—C(n*L,;]p*]U)WWH)} + v Vexp(=Cn. K1 pMv).

njj

Mijk

njj

1

A

=V —

Mi.j.k

max P{|15(i, j)| > v} < maxP| |—
i.jelp] Ljelp] LS B

Mij k=

A

Analogously,

maxP{lls(i. )l = v} < (140K + L)~ o~ 0*) 07 vl exp{—ClnL, "o ')} 07 exp(—CnK o o)
for any v > exp(—CL, “K¥) and p > 1. Note that I(i, j) = I1(i, j) + I»(i, j) + Is(i, j). Together with (22), it holds that

max P10, )] = v} $ {1+ n(K + L) "p~ 10"} 77 v exp{=Cn.Ly o™ )T} + v exp(—Cnk o7 10)
i,jelp

for any v > exp(—CL,“K¢) and p > 1.
By (20) [, D™ < 13 DI™ + 13, )™ + 1330, j)|™ for any fixed posmve integer m. By Assumption 3, E{|I;(i, j)|™} <
Zz”1E |U;, r,,,U;r,J[ ouijl™) < 1 and E{|L® )™} S n; o uthuzeSUk E(|Ui,;, Ui, I™) < 1. Analogously,
we also have E{|I5(i, j)|™} < 1. Thus, max;jep; E{|1(i, )|} < 1. We complete the proof of Proposition 1. O

8.3. Proof of Proposition 2

Notice that dXi'[ = Wit dt + Oj ¢t dB[,t. Then

i Z </fi,j.e tije
His d5> ( f Mis d5>
2n” Gijk Gij k

1 (i.j)

tije Gije
Z Z <f Ois dBi,s) </ Ojs dBJ',$>
211,] — ”kt tiik tiik
— 1j,0€Sijk J. ij,
1(i.j)
1 i 1 Gije lije
+ o Z N Z </ Mis dS) (/ Oj,s dBj,s) (23)
L ok=1 Lk ti j ¢ €Sijk Gij k tijk
lI3(i.j)
1 i 1 lij.e ij.e
+ Z Z (/ Ois dB,‘ys) (/ Mj,s dS) .
2nij 4= Nijk , = o tijk
= ij,€Sijik I L,
114(i.j)
Recall that & = max;jep) MaXyepn; ;] MAXg,; €5, |tije — tijkl. In the sequel, we will bound the tail probabilities of

max; jerpy 1111(1, j)I, Max; jerp M2(1, j)I, maxue[p] [I3(i, j)] and max; jepp [1a(i, j)I, respectively.
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For any k = [n;;], define ¢, = N, thesuk(/;fij‘j;f Wis ds)( f”‘l s ds). Then we have 13(i j) = (2n;;) "1 Y7, ¢
We will first bound E{exp(@{ nl for any |6| € (0, Cs£ 2], where C5 is specified in Assumption 4. By Jensen’s inequality
and Cauchy-Schwarz mequahty,

1 Lije tije
IE{eXD(OC,»’S.k)}fm > E[eXD{Gq__ Mi’sds><quk uj,sds>”

ij,e€Sijk ik
1 tl]kVtul tl]kVtIJ/Z
< N / / E{exp 9|tlj(_tuk| Misq jsz)}dsldSZ (24)
ij.k tij.0€Sijk tij.e — tij, k| tijiAtije JtijrAtije
1 tijkViije
S X o [ Bt — i, 0] s
ij,k ti,j,éesi.j.k | ij.0 — tl] kl L j kNGije

tijkViije 5 2 12
X/ [Efexp(16]]tij.e — tijrl*uis,)}] " ds;
Gi j ke Nije
< max sup E{exp(|0|&°u7,)}.
ielpl o<s<T
Recall that & < Kn_! = o(1). By Assumption 4, maXie(p) SUPg<s<r E{exp(|6]§2uZ,)} < exp(CsC7) - exp(Ce&*6?) < exp(C£6?)
for any |6 € (0, Cs&~2]. Therefore, by (24), MaX; je(p).kefn; 1 Efexp(6¢% )} < exp(C£62) for any |0] € (0, Cs£2]. By Lemma
2 of Fan et al. (2012), it holds that
max P{|I1(i, j)| > v} < exp(—Cv?€e™") (25)
i.jelp]
for any v = o(£71). t
Forany k € [n;;], define ¢, = N,] p qu (eSiik fnl,Jk[ 0is dBis)( tlel/ ojs dB; ). Then we have II;(i, j) = (2n;;)~ Zku] &
For any constant d € (0, £ ~'/?], define a stopping time I5 4 = T Ainf{t > 0 : supy_;, 0is > d}. Forany [0] € (0, d2£"1/4],
by Jensen’s inequality and Cauchy-Schwarz inequality, it holds that

E{EXP(QQZTk)I(n,d =Tljy= T)}

1 tije fu ¢
< > E[expl@(/ Ois dBi,s)< 0js dB;. S) }1 (Fa=Tla= T)] (26)
Ni~j~k Gij.e€Sijk tijk tijk
1 Gije
< E 6 i s dB; I(Il;4q=T)
~ Nijik Z ( |:eXP{| l(/t:,k s S) } = ])

"t e€Sijk

tij.e 1/2
X <E|:exp{|9|<f Ojs dBj’S) }I(Fj,d = T):|> .
Gij.k
Restricted on the event {I7 4 = T}, we have supy_;.; 0is < d. For any |0| € (0, d~2£~'/4], it holds that
tije 2
eXP{Wl(/ Ois dBi,s) }I(Fi,d =T)
tijk
tij.eViijk 2 tij.eViijk
< EXIJ|:|9|{</ Ois dBi,s) — / ol ds}]l(ri,d =T) (27)
tij,eNGijk tij,eNGijk

LijeViijk
x exp<|9| / ol ds)I(F,;d =T)
t;

i.j,0\ijk

tijeViijk 2 tijeViijk
<C exp|:|0|{</ Ois dB,»YS> - / ol ds”](]“,-,d =T).
LijeNtijk LijeNGijk

Recall d < £71/2, Following the arguments of Equation (A.5) in Fan et al. (2012), we have that

tij.eVtijk 2 tij.eVitijk ,
E{exp[l@l{(/ Ois dB,-,s) - / ofs ds”l( ida=T) ””M[”k}
tij, Mfu k tij e NGij k

< ELexXplIO1(B] 2y, ¢, — @10 = tija )} = Elexp{161d®|tije — tijel(Z* — 1D}
< exp(Cd*&26%) < exp{C(dg"/*)* "6%) (28)
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for any 7 € [0, 4), where Z ~ N(0, 1) and 7, is the o-field generated by (ois, B s)o<s<c- Thus, by (26) and (27), we have
MaXxi jeppl kefn; ;| EAXPOG S (Tia = ;g =T)} S exp{C(d&/2)*=79?} for any |9| e (0, d~2£~1/4]. By Lemma 2 of Fan et al.
(2012), it holds that max;jerp P{|1a(i, j)| > v, g = ;g = T} < exp{—Cv?(dg/2)*=4} for any v = of(d§/2)>~7}. Note
that

P{IL( ) > v} < P{IL(L )] > v, g = Ta =T} + P(Lg #T) + P(ag #T).

Since I3 4 =T Ainf{t > 0 : supy.,, 035 > d}, by Assumption 5, we have maxepp P({7,¢ # T) < maXiep) P(SUPg<s<1 i s >
d) < exp(—Cd?). Then

max P(|llz(i, )| > v} exp{—Cv*(d&'?)"*} 4 exp(—Cd") (29)
i,jelp

for any v = o{(d€V/?)*~7} with d < £/,
Due to xy < 2~ 1(x* 4+ y?) for any x, y > 0, we have

0
1 Mooy lij.e

21501, j)| < — is d

LD =D vlDd (f s 5) +zn,jz

7 k=1 ik tije esi,j,k tijik

2
Z (/ UjYSdBjﬁ) .
tljk

k=1 f,j 0€Sijk
Identical to deriving (25) and (29), it holds that
max P{|ll3(i. /)| > v} exp(—Cv?& ") + exp{—Cv?*(d§/*)"~*} + exp(—Cd")
ijelp

for any v = o{(d&'/2)*~7} with d < £~"/2. Such upper bound also holds for max; jefy P{[1l4(i, j)| > v}. Together with (25)
and (29), we have

max PG, ) > v} S exp(—Cv’€ ") + exp{—Cv?(d§ 2"} + exp(—Cd”) (30)
LJElp

for any v = o{(dV2>" A £} with d < & V2 To make max ey |I(i,j)] = Op(ny >K'/2log"/?p), it suffices to
require d>* 47" llogp = o(1), £3logp = o(1), d®%£>* = 0(1), d’¢ < 1 and logp = o(d”). Due to T € [0, 4),
£ = o(1)and d — oo, d® 272" — oo when 7 € [2,4). Thus, we need to restrict T € [0, 2), which leads to
gD/ (Jog p)/>~7) « d? « £=2/4=7) and logp = o(d” AE~3). It follows from £~ 1V/C=7)(Jog p)1/C~7) « £(r—2)/(4-7)
that £7/(4=") Jog p = o(1). Selecting d sufficiently close to £=2/8-27) we have logp = o[min{&~7/(4-7), gr(=2)/(8=21)}] T¢
make p diverge as fast as possible, we can choose T = 2y /(y + 2) and d = £€~/4+¥)_ Note that £~ < n, K. It follows
from (30) that

max P{II(i )| > v} § exp(—Cn. K ~"v?) + exp{—C(n K1Y/}
ije
for any v = o{(n'K)¥(r+9},
By (23), 1I(i,j) = I4(i,j) + (i, j) + 13(i, j) + l4(i, j). Notice that for sufficiently large n, minke[nu] Nijx = Ag + 1

and MaXgen, ;| Nijr = 2Ak + 2. Since Ay is a fixed constant, by Assumption 4, for any fixed positive integer m, Jensen’s
inequality implies that

tij.e 2m tije 2m
max E{|l[;(i,j)|"} < max max max E / wisds| + / Wjsds
i.jelp] i.jelp] "E[ni.j] tij.e Esi,j,k £ t

ij.k ij.k
_ LijkViije ) )
< €Y7 max max max sup E(|uis|™™)ds S . (31)
Lielpl kelnijl tij.e€Sijk Jo j yntij, 0<s<T

Meanwhile, by Assumption 4 and Burkholder-Davis-Gundy inequality, it holds that
tij.e 2m
me[lx E{|l(i, )"} < max max max IE{ </ Ois dB,-_S) } <E™, (32)

i,jelp] ke[”l]] tij, l/esl_]k tijk

. . t, t
Due to max; je(p) E{[13(1, /)™ +Ta(i, )™} < MaX; je[p] MaXge[n; ;] MaXy;; jes; j E{( G J,[ Mis ds)zm +( [U ¢ 0j,s dB;, s) ™}, together

with (31) and (32), max; jegp) E{|II3(i, j))I™ + |1L4(i, j)|™} < ™. Hence, max; je[p) IE{|II(1 DMy <E™ We complete the proof of
Proposition 2. O

8.4. Proof of Proposition 3
To prove Proposition 3, we need the following lemma whose proof is given in Section 8.17.

Lemma 2. Let {zt}f=l be an a-mixing sequence of real-valued and centered random variables with «a-mixing coefficients
{(k)}i>1. Assume there exist some universal constants a; > 1, a; > 0,7 > 0 and ¢ > 0 such that (i) maX;c[7 E(|z:|¥) <
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(k!)”fH,%‘ for any integer k > 2, where H; > 0 may diverge with n, (ii) a(k) < a; exp{—az(iﬁ’]k)”} for any integer k > 1,
where L; > 0 may diverge with fi. Let S; = Y __, 7. It holds that

P(|Si| > fix) < exp(—CAL: "H-2x%) + exp{—C(fL- 'H; 'x)"/( 7}

forany x > 0, where F = 1 +7 + ¢~ .

Remark 8. If ¢ = oo, the upper bound in Lemma 2 holds with ¥ = 1 + 7.

By the definition of III(i, j), we can reformulate it as

nij
1 1
1I(i, j) = — X, — Xigo IUig .
) zni,j Z Z <Ni,j,l + Ni,j,k>( Lt j k "[l.],@) Jhtijk

k=1 [i.j.lesi,j,k
For each i,j € [p] and k € [n;;], define

1 1
GLj,k = Z (NU’Z + M)(Xi,tiyﬁk - Xi,[jvj_[)

tij ¢ €Sijk

and D;j = MaXge(n; ;] |Gi,j,k|- Recall £ = max; je[p) MaXgefn; ;] MAXy; ; pes; ;g |ti,j,g — t,',j,k|.
We will first consider the tail probability P(D;; > v). By Bonferroni inequality, we have

njj
1 1
P(Di,j > U) =< ZP{ Z (Nijg + m)(xi,[uk _Xi,t,‘_jv() > U}

k=1 ri,j_(‘esi,jﬁk
lijk v
Hisds| > = (33)
¢ 2

nj j
1 1
=27 2 (5w
; Z Nije ~ Nijx/ Juj,
3
> —¢.
2

Gij e €Sijk

njj 1 1 Lijik
+>) P + f 0isdB;,
,; { 2 <Nu,z Nu',k> we o

tij,¢€Sijk
For any 6 > 0, by Triangle inequality and Jensen’s inequality, similar to (24), it holds that

> (i) [ e
+ Wi ds
Nije  Nijk/) Jy "

tij 0 €Sijk 0t

max E[exp { 0

ke[ni,j]

” < sup E{exp(CO&|ui.|)}.

0<t<T

It follows from Assumption 4 that supy,.r E{exp(CO&|u;,|)} < C exp(C£262). Selecting # =< £~ and applying Markov’s
inequality, we have
v
- —
2

Z ( 1 1 )/ti_j,k d
+ s ds
Nije Nijk/ Je .
1 1 tijk
+ 115 ds }] (34)
:] (Nu‘.e Nisjsk)/f.i,j,é "

tije€Sijik .t
for any v > 0. For any constant d € (0, £~'/?], define a stopping time I}y = T A inf{t > 0 : SUPg<s<¢ Oi,s > d}. By
Cauchy-Schwarz inequality,

max IP’{

kE[ﬂi)j]

< exp(—Hv) max E[exp{ZG

ke[n,-'j]

< exp(—CE ')

1 1 tijk 2 1 tijk 2
> (it ) [ i 2 ([ Vo)
tij,e€Sijk .t ks Jtije ik tijeeSij N i
which implies that for any 6 > 0,
1 1 fijik v
P i.s dB; —La=T
{ tZ <Ni,j,£ + Ni,j,k) /tl( Ojsdbjs| > 2 i.d }
t.J,kesl,j,k Js (35)
0 tijk 2
< exp(—COV?)E| exp{ — Z oisdBis | (a=T)]|.
Nijk ¢ T '
U L eSijk N Tt
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t

By Jensen’s inequality, E[exp{@N;j_]k thesw fr,']j[k 0isdBi ) H([iq=T)] < N,] X qu (SSik E[exp{0(/,. t” * 015 dBi s (g
= T)]. Same as (27) and (28), for any 6 e (0,d2£~'/4], E[exp{6 ft,.’ff 0isdBi (g = T)] < exp(Cd“Szez) < 1.
Selecting # = d—2£~1/4, together with (35), we have maXye(n, ;) P{| Ztij.lesi,jk(NU e+ Nu p ftt”" 0isdBis| > v/2, T4 =

T} < exp(—Cd—2&~1v?) for any v > 0. It follows from Assumption 5 that

1 1 ik v
max IP’{ ( + )f 0isdBis| > }
keln; j] fi,j.kXGS:i.j,k N,’Jy/g N,"j’k tije 2

1 1 tijk
< max P + 0; s dB;
<maell 3 (3= |

keln; j]
ti j,e€Si jk

< exp(—Cd” ) + exp(—Cd 2~ 1v?)

v
> 5 Iig = T} + (g #T)

for any v > 0. Letting d — o0, together with (34), (33) implies that

max P(D;j > v) < n, exp(—Cd”) + n, exp(—Cd 2~ 'v?) (36)
ijelp

for any 0 < v < C. Write E(-) = E{- | (X¢)ero.n}. For any integer s > 2, we have E(|Gj Ui, °) < D - E(IUjg,, [F) <
- C5s6HD/2 < 1. (CDy;). Applying Lemma 2 with Ly = L, P{{I(i, /)] > x | (Xo)deepo.r1} < exp(—Cn*Lgln;jzxz) +
exp{ C(n,L- 1Du x)¢/2#+1) for any x > 0, which implies that

o Cn*LrT‘IXZ n*L;1x ¢/(2p+1)
P{II(i, j)l > x} SEjexp| ———— ) 1 T E|exp]—C
Di,j D,'J'

for any x > 0. Therefore, from (36) with v < 1, it holds that

Cn, L7 1x%
E{exp(—D;)} < exp(—Cv2n,L, 'x*) + P(D;; > v)
i.j

< exp(—Cn, L7 'x?) + n, exp(—Cd” ) + n, exp(—Cd2¢71).
n

Analogously, we also have

n,L- Ty ¢/(2p+1)
E[exp{ ( *D ) }] < exp{—C(n,L, 'x)*/*T1} 4 n, exp(—Cd”) + n, exp(—Cd 27 ").
i
Thus, max;jeip P{IIG, j) > x} < exp(—Cn.L;'x*) + exp{—C(n.L, 'x)?/?**1} + n, exp(—Cd”) + n, exp(—Cd—2&~") for
any x > 0. Recall that & = Kn;'. To make max; ey [I(i, )] = Op(n; /*K'/2log'? p), it suffices to require K > Ly,
logp = o[min{d”, d?n.K~ i ,(n, L 2K)#/Ge+2)1] and log n, = o[min{d”, d2n,K~'}]. In order to make p diverge as fast as
possible, we can select d = (n*K‘l)l/(“”. If K(log n,)'*?/7 = o(n,), then max; jery P{|NI(i, j)| > v} < exp(—Cn,L; 'v?) +
exp{—C(n,L;w)?/@¢+1} 4 exp{—C(n, K1)/} for any v > 0.
By Jensen’s inequality and Cauchy-Schwarz inequality, it holds that

IE{“H(L])' } S n}ax max IE(|)(1 tijk Xl’,t,‘,jj'm'L]j,ti_jyl('m)
m
|Uj~ti,j.k |m)

kelnij1tije€Sijk
Gijk tijk
/ Misds + / oi,s dB; s
t; t;
2m 1/2
2m 2 1/2
> } { U] tijk )} :
tl] 14

”f,J'k Zmlﬂ‘
. Together with (31) and (32), max; jepp E{|II(i, j)I™} < £™/2, Analogously, we can
We complete the proof of Proposition 3. O

max max [E
kelnij1tije€Sijk

max max
keln; ;1 j ¢€Sijk
<1

tl},k

Oi,s dBi,s

A

Wis ds

tul

By Assumption 3, maXe(n;,] IE(UJZZ1 )

)
show the same results hold for IV( i,Jj)
8.5. Proof of Theorem 2

To prove Theorem 2, we need the Le Cam’s lemma as stated in Lemma 3. Its proof can be found in Le Cam (1973)
and Donoho and Liu (1991). Let Z be an observation from a distribution P, where 6 belongs to a parameter space ©.
For two distributions Qp and Q; with densities qo and q; with respect to any common dominating measure wu, the total
variation affinity is given by ||Qo A Q1| = f Qo Aq1du. Let @ = {6y, 04, ..., 6p} and denote by L the loss function. Define

lmin = Mingeppy inf {L(t, 6o) + L(t, )} and denote B =D~' Y0 | P,

Lemma 3 (Le Cam’s lemma). Let T be any estimator of 6 based on an observation Z from a distribution Py with 6 € © =
{60, 01, ..., 6p}, then supycp Ez{L(T, 0)} = 27 Unmin||Pg, A PJI.
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For each k € [n], define ¢, = {i € [p] : tx € Gi} where G; is the grid of time points where we observe the
noisy data of the ith component process. For any s-dimensional vector a and an index set C C [s], denote by as the
subvector of a with components indexed by C. The data we have is Z = {Y ¢,, ..., Ys.c, ). Select the loss function
L(T, 9) = MaX; je[p) Iwi.j — 91'.]'| for any T = (a),-,j)pxp and 6 = (Gi,j)pxp € ©. Select D = D, 90 = Su,O = lp and

0y = g =1, + (v"/?n;"?log"? D)diag(0, ..., 0,1,0,...,0),
——— ———
d—1 p—d
for any d e [D], where v > 0 is a sufficiently small constant. For eachd =0, 1, ..., D, we write 63 = X, ¢ = (0u.ij.d)pxp-
Then

Imin = mininf{L(t, 6y) + L(t, 64)}
de[D] t

[vlo /lo (37)
> min max |oyij,0 — Ouijdl = = gp 2EP
de[D]i,jelp]

To prove the lower bound stated in Theorem 2, it suffices to construct a specific model which makes the stated lower
bound be achievable. To do this, we select u;; = 0 and o;; = 0 for any t € [0, T]. Then the associated X; = 0 for any
t € [0, T]. In this special case, Ytk = Utk Given (n, n,)withn > n,,and0 < t; < --- < t, = T, we define G, = {f;, .. tn*}
with each & € {t1,...,t,} and § < . For each ¢; € G,, we assume all p component processes are observed. For any
ti ¢ G, we assume only one component process are observed. Without loss of generality, we assume G, = {t1, ..., ty,}.
Letn — n, = ap + g, where a > 0 and 0 < g, < p are two integers. We assume the ith component process is observed
at tn*+jp+,’s' withj =0,...,aandi e [p]. Then G; = G, U {tn+i» - - - » tnytap+i)-

Let Utk Hig- N(0, ¥, 4), and denote the joint density of Uy, ¢,, ..., Uy, c, by fa. Denote by ¢, the density of N(0, o).
Write 02 = 1+ v"/2n,"/*log"/?D. Then f, = []}_ 1 e, #1(uxj) and fo = Tzt Tjcepyay #1us) - Tz 1 [aec, @o. (ta)
for each d € [D]. Here we adopt the convention l_[dsC, &5, (Urq) = 1if d ¢ Cr. We will show [[Pgy A P|| > ¢ for some
universal constant ¢ > 0.

For any two densities qo and q;, by Cauchy-Schwarz inequality, we have ( f |q0 —qqldp)? < f qo — q1)*/q1dp =
[ a/q1di — 1, which implies that [go Aqidu =1—2""[|qo — q11dpw > 1—27"(f q3/q:1 d — 1)"/2. In order to show
[Pg, A P|| > c for some universal constant ¢ > 0, it suffices to show that [(D~" ZdD:lfd)zfo_l dp — 1 — 0, that is,

D
iz</fdd —1>+— (/f‘“fdzd >—>o. (38)
D d=1 dy#dy

since fa,fu, /fo = [Ti=1ll 14, ec, Pon(tiay) - Tlayec, Pon(Weas) - [icepiar.ap) 1(tkj)] for any dy # da, then [ fu,fa, /fodp =1,
which implies D2 >, ﬂz(ffdlfdz/fo du — 1) = 0. For any d € [D], we have

(2 _ 0*2 )u2(’ I(deCy)
=TT IT o II[N/GZ o]

k=1 jeCi\{d}

which implies

f 1 > ke (decy) n
f(:)d - (0 2—02> {/¢] ey duk}}

* k 1jeC\{d}
qﬂ/ﬁ—ﬂ |- ﬁmqwqmm
S <,
k=1 O« 20‘*2

B ( 1 >z;31 I(deCy) B (1 v logD>_Z’21 I(decy)/2
042 — 02 n, '

Notice that Y ,_,I(d € ¢) < n, +a+ 1 for each d € [D]. Therefore, [ f?/fodu < (1 — vn;'logD)~™*+4+1/2 for each
d € [D]. Due to n/n, < p, we know a < n,. Applying the inequality log(1 — x) > —2x for any 0 < x < 1/2, we have

D
Dl (/fd d,u—l><exp[ {1—v<l+a:;1>}logD]—>0

for sufficiently small v > 0. Then (38) holds. Hence || Pg, A PP|| > ¢ for some universal constant ¢ > 0. Together with (37),
we can obtain Theorem 2 by Lemma 3. O

26



J. Chang, Q. Hu, C. Liu et al. Journal of Econometrics xxx (XXxx) Xxx

8.6. Proof of Theorem 3

We first consider the case with ¢ < oo. Write X = (n;'Klogp)"/2. For each i,j € [p], we define the event
Aij = {160 — oyl < 4min(|oyijl, @R)} with some « > 0, and di; = (6} — 0y, j)I(AS;). Write D = (d;j)pxp. Due
to |[W||; < ||W]|l for any p x p symmetric matrix W, it holds that

2
< thre 2 h
12, = Zul3 < {maxz |63he — au,l-,j|}

2
<12[ax2|d,]|> +2{maxZ|Al§hlrje m,,i,ju(A,-J)} :

For the second term on the right-hand side of (39), we have that Z” ) |a£hff — ouijll(Aij) < 42” LaRI(Joyij| > aR) +
42121 low,ijlI(lowijl < aR). Due to Z]=1 low,ijl? < cp, we then have Z, owijll(lowijl < aR) < Zj 1low, ij1%(aR)171 <
a' R and 3P aRI(loyijl > aR) < 3P oy l%(aR)! 0 < 9,179, Therefore, we have that Y7 6. —

oy Jij
ouijll(Aij) < 8a'79¢,R17 holds uniformly over i € [p]. It follows from (39) that

p 2
-~ thre _
E(1X, — Zull3) SE{(rEg}]( E 1 |di,j|) }+C§N2(1 9 (40)
J:

Recall 6, ;; is defined as (5). It holds that

(39)

b
{(rggngd,ﬂ)} p Y E{I18.F — ouiiPI(AT))
l:
p
= Z (167 — 0,15 1AS; N {557 = 0}1) (41)

I

p

~th A~ th ~
E (l Jirje Uu1]| I[A N{o J,rje _Uul]}]) .
ij=1

I

thre

Recall 6,7 = Gy,il(|6u,ijl > BR) for any i, j € [p]. Then

2 P[{lowijl = 4aR} N {|64:5] < BNY]

p
I=p)»_ [
ij=1
p
<pY_oliP[{lowijl = 4R} N {lowijl — 16uij — ouijl < ANY] (42)
ij=1
p
=p Z Gii,jp{|&u,i,j — Ouijl = (4o — ﬂ)N} .
ij=1
Selecting « = B/2 and B being sufficiently large, identical to the arguments used in Section 8.1 for bounding the
convergence rate of A,, we have I < o(&4 ) provided that K(logn,)'**¥ = o(n,), K > L,, KL log{n..(K logp)~'} = o(1),
logp = o[min{(n,L;2K)*/G¢*2) (n,K~1)*}] with x = min{y /(y + 4), 1/3}. Also, by Cauchy-Schwarz inequality, it holds
that
p
N=p ZE{@M — 0wl I(18u,ij — ouijl > 4aR)(loyijl > a®)(16y,ij] > BN)}
ij=1
' p
+p ZE“&LJJJ — 0uijI’I(16u,ij — ouijl > AowijDI(|owijl < a®)(16uij] > BN)}

i,j=1
p
<Y {E(6uij — ouifl} " {PUGw1 — ouigl > 4oR)}

ij=1

(43)
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p

+p Z{E(|5u.i,j - Ju,i,j|4)}l/2 [P{l6uij — ouijl > (B — a)R}]

ij=1

12

Notice that max; jegp; E(|6u,ij — ouijl*) < 1. Since @ = B/2, repeating the arguments used in Section 8.1 for bounding the
convergence rate of A, again, we have

1/2 1/2
p [maxIP’(|au ij— ouijl > 4om)] <p [max]P’{wu ij—ouijl > (B — oz)N}] < o(R?)
i.jelp] ijelp]

provided that K(logn,)' "2/ = o(n,), K > L, K~?LYlog{n.(Klogp)~'} = o(1) and logp = o[min{(n,L; ZK)‘/’/B‘/’“)

~

(n,K~1)*}]. With sufficiently large 8, we have II < 0(&2) Together with I < o(X*), we have E{(maXiepp) ZJ 1 |d,J|) } <
I+ 11 < o(¥?). It follows from (40) that supp, E (||2:thre Sul3) S c2(n; 'K logp)1 4, Analogously, in the case with ¢ =

we have supp, E(|She -5, [2) < cp(n; 'K logp)1 4 provided thatK(logn*)”z/V =o(n,),K > L, and logp = of(n.K~ ) }.
We complete the proof of Themem 3. O

8.7. Proof of Theorem 4

Same as the proof of Theorem 2, we also select u;; = 0 and o;; = O for any ¢ € [0, T]. Then the associated X; = 0
for any t € [0, T]. In this special case, Y, = Uy,. Given (n,n,) withn > n,,and 0 < t; < --- < t, = T, we define
Gy = {t1, ..., L} with each § € {ty,...,t,} and §; < E. For each t; € G,, we assume all p component processes are
observed. For any t; ¢ G,, we assume only one component process are observed. Without loss of generality, we assume
G, = {t1,...,ts,}. Let n — n, = ap + q, where a > 0 and 0 < q, < p are two integers. We assume the ith component
process is observed at t;, yjp+i's wWith j = 0,...,a and i € [p]. Then G; = G, U {ty,4i, - .., tn,+ap+i}. The data we have is
Z={Yq,c;»--» Yoco) Where Gy = {i € [p] : t € Gi}.

Let r = |p/2], where | x| denotes the largest integer less than or equal to x. Let B be the collection of all p-dimensional
row vectors v = (vq, ..., vp) such that v; =0for 1 <j<p-—randv;=0o0r1forp—r+1<j<punder the restriction

_1 lvjl =K. We w1ll spec1fy K, later. If each A; € B,we say A = (Aq,...,A;) € B.Set I' = {0,1}" and A C B". For
each A= (r1,...,A) € A, we define p x p symmetric matrices Ay(A1), ..., Ar(A;) where Ap(Ay) is a matrix with the
mth row and mth column being An, and A, respectively, and the rest of the entries being 0. Define ® = I" ® A. For each
0 € ©, we write 8 = {y(6), A(8)} with y(9) = {y100),...,y(0)} € I' and A(8) = {r1(0), ..., A ()} € A. We select
K. = [¢p(n,/ log p)¥/?| and define a collection M(«, v) of covariance matrices as

M(a, v) = {2(9)  30) =y + | TS A (), 6 € o}
LS m=1

where ¢ > 0 and v > 0 are two constants. Notice that each ¥ € M(«, v) has value « along the main diagonal, and
contains an r x r submatrix, say A, at the upper right corner, AT at the lower left corner and zero elsewhere. Write
2(9) = {O’,‘J(Q)}pxp. It holds that maXyep MaXic[p) crl-,l-(Q) = « and maXgep MaXie[p) Z —1 |01]( )|q < al + (97 Uq/Z For
sufficiently small « and v, we have M(a,v) C H(q, ¢,, M) for H(q, ¢,, M) defined as ( ). Without loss of generallty,
we assume « = 1 in the sequel and write M(1, v) as M for simplification.

Let Uy, ~ N{0, X'(9)} with X'(0) € M. When Uy, ~ N{0, X'(6)}, we write the distribution of Z as IPs. More specifically,
the joint density of Z is

Ny

1 . k,k
fo = exp{ —u] X716 }x exp[— :
’ U (27 P21 2(0)'? ¢ kfln_[H 270y (0) 203,(0)
2
Ui k
- ool g7 tom] < 11 Zzon(=5)
H Q2 p/2|2(9 72 € ¢ k_ln_[“ f 2
where u, = (ug1, - .., uk,p)T. It follows from Lemma 3 of Cai and Zhou (2012b) with s = 2 and d being the matrix spectral
norm || - ||, that

I1Z@) - e r .- .
lnfmaszm{IIE 2O} = min HO(0) @) g hn IPio APiall,

0€6 ©.0:Hy@O)y=z1 H{y(0),y(0")} 8 il
where H(-, -) is the Hamming distance, and P; ia = 27 r=DjA|7! Zee(eeo yi(0)=a} Py for each a € {0, 1}. In the sequel, we
will show the following two results:

5 _ 2 1—q
min M > % (logp) (44)
©.0):Hiy©).v0 =1 H{y(0), y(0")} p\ n
and
min |[Pio APl 2 1. (45)
ielr]
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Recall r = |p/2]. Then we will have Theorem 4. The proofs of (44) and (45) are identical to that for Lemmas 5 and 6
in Cai and Zhou (2012b), respectively. Hence, we omit here. O

8.8. Proof of Theorem 5

As shown in (23), II(i, j) = I[](lt]) + 11,(i, ]) + 113(i, j) + l4(i, j). Notice that A is a fixed integer. By Jensen’s inequality,
ti iVt . . .
E{( j ¢ Mis dS) } < [tij.e — tijkl ft STk H, 5) ds < tije — ti,j,k|2 MmaXp<s<T E(Mﬁs), which implies

i, eNLijk
fid.t 2 2.2
max max max E Wisds SKen <.
ijelpl keln; j] £:K<|—k|<K+Ag ik
t; Vi,
Due to E{( ”I‘ 0js dB; s )} ftzljjz[At,l]Jkk o ds) < |tij ¢ — tijl MaXo<s<r E(o; ) we have
tij.e 2 .
max max max E 0j,s dB; s < Kn,
ijelpl keln;j] £:K<|e—k|<K+Ag tijk

By Cauchy-Schwarz inequality, max; jeppy [E{II1(i, j)}| < K?n;2, max;jerp B30, )} < K3/2n; 3

K32n;%/, Notice that

. 1 & 1 lij KVt
Bl )} = 5 — > o > E( f 01507,5Pi.s ds)
B ot DK ecio <k ag i kA .t

and max; jegp) [E{IL4(i, j)}| <

njj—1 —K .
1 |: Z min{k + K + Ak, n;j} — £
205 5 Lo Nij
N Z‘: |min{k + K + Ag, nij} —k — K + 1],
k=t—K+1 Nijuk
N “ZK lk— K +1—max{k — K — Ag, 1}|,
k=t+1 Nijk
U e max(k— K — A )] ([
+ Z N 0i s0j,sPi,j,s ds
k=t+K+1 Lk tije
njj—1 £
‘1 i,j,6+1
= Z Qijie E(/ 0i 505, Pi js dS) ,
2nij tij.e

where we adopt the convention N, = oo if k > n;; or k < 0. For sufficiently large n, N;;, follows the formula (21).
Since K = o(n,) and Ag is a fixed integer, for sufficiently large n, we have
<K, if1<¢<2(K+Ag)—1,

2K + A
_ % if 2(K + Ag) < £ < miyj — 2(K + Ag).

<K, ifn,»,j—Z(K—i—AK)—i—l§€§n,~,j—1,

Qijie

which implies that

"i,j*Z(K+AK)

2K+ A f1 -
B ) = 2 S B([ 7 moaads) +RiG)
4111']' b
: (=2(K+Ag) i,
2K + Ag fion; j .
= ?E(‘/ Ui’soj,spi,j,s ds + RZ(LJ) s
ni’j [,'J'J
where max; jery) IR1(i, j)| = O(K?n,2) and max; jery |R2(i, j)| = O(K?n2). Therefore, it follows from (23) that
. 2K+ Ag /fw:nf,j K3/?
max |E{1I(i, j) — ———— 0150 spijsdst]| < —= .
ijelp] { ! 4n;j tij1 bsOsPiss ni/z

We complete the proof of Theorem 5. O
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8.9. Proof of Theorem 6

Write & = (n; 'K logp)'/2. For Part (i), Theorem 1 implies MaXi jep) |6u.ij — ouijl = Op(R). Due to max;jcpp |1Ap,-,j| =
Op(logp) and R = o(1), by Triangle inequality, max; je(p |‘7u ij — ou, ijl < maxjjepp 16u,ij — ouijl + maxlje[p](4n,])‘ (2K +
AK)|1A0;_j| = Op(R). Then Part (i) holds. To prove Part (ii), we define an event £ = {max,je[p](4n,]) 12K + AK)|WU| < €N}
for some constant € > 0. Since max; je(p) |1p,,j| = Op(logp) and R = o(1), then max; jep;(4n;;)~ 12K + AK)W,jl = OP(NZ)

which implies P(£°) = o(1). For any C > 0, by Markov's inequality, we have

BOIZ, ™ = Bl > CoN') < POIEZ,™ — Byl =GR £) + B(£)
2 22 b, th
< C2% WM VE( 2,0 — Zy(31(8)) + P(e°).
In the sequel, we will show IE{HEbc thie _ DIMIEI (CHIES CZNZ“ 9, Based on this result, we know Part (ii) holds.

For each i,j € [p], we define the event A;; = {|6l'ff;'"e —oyijl < 4min(|oyj|, @X)} with some constant & > 0,
and d;; = (6;?;“‘* — ouij)(Af;). Write D (dij)pxp- 1dentical to (39) and the arguments below it ||ZJbc thre _
Zull3 < (maxiep Yop_y Idijl)* + {maxier Y py |Af°1;hre oui il < (MaXiepy Yop—y 1dijl)? 4 c2R*1=9, which implies
E( 2™ — Zu316)) < Ei(maxiey) Y0, [dij21()} + 28219, Identical to (41), we have

~ be,th A bc,th
{(E‘QEXZ ldul) 1) } Z (185" = ouif PIENAT; N {6,57™ = 0}])

I

+PZ (1625 — o1 PIENIAS; N {825 = 62 11) -
ij=1

1

Recall Abc;hre = All’fjl(l l”J| > BR) and max; jepp |au” 6u.ijl < €N restricted on &. Then 1 = pZ” 1 u” (|cru1]|
4o, |a i< BY, £) < pzu ; UUIP’{|GL,,J ouijl = (4a — B — €)R}. Notice that maxlje[p] ]E{|Uuu ouijl1(E)}
Max; je[p] IE(lau,] — oyij|*) + R* < 1. Identical to (43), we have that II < PZ” | u” —oyijl > 4aR, &)/
PZ” 1[P{|Uu ij — Ou, lJ| > (B —a)R, 5}]]/2 <p Zp —1[P{|‘7u ij — Ou, ljl > (40[ — R, 5}]]/2 "FPZ,J 1[P{|&u¢i,j - Uu,i,j| >
(B—a—e)N, 5}]‘/2 Selecting @« = 2¢ = /2 for some sufficiently large § > 0, applying the same arguments for bounding
I and II there in Section 8.6, we have I + II S o(R?), which implies E{||Sboe — 53, |121(£)}) < czR1-9, We complete the
proof of Theorem 6. O

+ NIV

8.10. Proof of Part (i) in Theorem 7

For any k € [n;;], let S, = {tij¢ : K < |€ — k| < K + Ag}. For any i, j € [p], we have that

nj j

Ou,ij = Oujij = 2n E
i.j k=

Z U‘[IJ/Z Ulfx]k)(UJtljZ L]]tljk) Ou,ij

Nijk
s tij 0 €Sijk

1(i.j)

Z X’tlj/ Xltl)k)(xftul Xltuk)

”1]

* o

k
'] 4i j e €Sijik
10 (i.j)
1 &1
om N: 2 : (Xi,fi_j,/z _Xi«,fi,j,k)(ufyfi.j,k‘ - Uj»ti,j,k)
Nij o= Nijk
k=1 [i.j,lesi,j,k
' (i,j)
1 <4 1
on; Ni; Z Witise = Vi) Kitige — Xty -
Mij o= Nijk , “=
k=1 t,.]les,,j.k

IV/(i.j)
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Based on Proposition 1, we can obtain the convergence rate of max; jep |I(, j)|. Notice that dX;, = u;.dt 4+ o0y dB;: +
Ji.t dM; ;. In comparison to II(i, j) specified in (23), we have

R T e fije
', j) — T Z N Z ( Jis dMi,s)( Jis dMJZS)
Mooy TR s N ik fig.k

tiji¢€Sijk
1 <1 tij.e tije
=)+ 5-D > (/ Iis d5>< Jis dNIj,s)
2ni, k=1 Nijk Gjo€Sij " ik tijk
115 (i.j)
i ti i t
1 1 il i.j,¢
fa e, 5 ([ ) ([ ) (46)
2n;j = Nijoe . = \Jy;, ik
k=1 tij 0 €Sijk
1g(i.j)
1 il 1 tije tije
+ M Z N; : Z ([ Jis dMi.s) </ Ojs dBj’S>
Mg k=1 ik tijocSijk N ik tijk
117 (i.j)
1 i 1 tij.e tije
+ 2n; ; Z N : Z (f Jll,s dMi,s) </ Mij,s dS) .
i k=1 ik tijocSijx N ik tijk

g (i.j)

For 11I(i, ) specified in Section 8.1, we have II'(i, j) = (i, j) + (2n;;)~! n” Zf:;lesxjk( fj]( +N,j k ftt’“‘], sAMis)Ujg ;-
Propositions 2 and 3 give the convergence rates of max; jep [11(i, j)| and max, jerpr 1TQE, )1, respectlvely Write 11”(i, j) =
1I'(i, j) — (i, j) — oy and NI"(i, j) = 1I'(i, j) — (i, j). To prove Theorem 7, we need the following two propositions whose
proofs are given in Sections 8.11 and 8.12, respectively.

Proposition 4. Under Assumptions 2 and 4-7, if K(log n, )®+2v+w)/(tv) = o(n,,), we have that

max P{|II"(i, j)l > v} S exp(—Cn.K~"v) + exp{—C(n K17/

i,jelp

for any v >» n_;'K\,, where y and ¢ are specified in Assumptions 5 and 7, respectively. Furthermore, it holds that
Max; je[p] IE{|II”(1',])| } < nl'"™2Km/2 for any fixed positive integer m provided that n 'K, = o(1).

Proposition 5. Under Assumptions 2-7, if K(log n,)**%/* = o(n,.), we have that

max P{UI"(i, )] = v} exp{—C(n, K"/} 4 exp{—C(n, K1)/}

ije
for any v > (n;1K)3HD/+) where . is specified in Assumption 7. Furthermore, it holds that max; jeg; E{|I"(i, )|} < ny/?
for any fixed positive integer m provided that n; 'K\, = o(1).

Recall that Uf‘ulr;l = Gyij — wij = oyij+ (i, J) + U, j) + (i, j) + W(i, j) + IV'(i, j). Write & = (n; 'K log p)'/2. We first
consider the case with ¢ < oo. Notice that (1 4+ cx~1)™ > e~ for any x > 0 and ¢ > 0, and II'(, j) = (i, j) + I"(i, ).
Since the tail probability of max; jefs [IV'(i, j)| is the same as that of max; jefy [1II'(i, )|, by Propositions 1-5, if K > L, and
K(logn,)*1 = o(n,) with y; = max{(2t 4+ 2y 4+ ty)/(ty),2 +2/t, 1 + 2/y}, we have

~ jump
Ouij

max P(16,17" — ouijl > v) S {1+ n. (K + L) o~ 'v?} 7% + v exp{—C(n,L, ' p~ Tw)?/ 0t}

i.je[p]
+ v exp(—Cn, K~ p~v) + exp{—C(n,L, 'v)*/ 2+ 1}
+ exp{—C(n,K~ )(3L+2)/(4t+4)v}_i_exp{_c(n*Kfl)r]} (47)

for any p > 1 and (n;'K)>*% > v > max{exp(—CL, “K¥), (n; K)C+2/@+D) 1 where n = min{y /(y + 4), ty /(2t +
2y +uy), /(2 +2)}. Since KL log{n,(K logp)~'} = o(1), A2(n; 1K) ®*2)(logp)~! = o(1) and logp = of(n,K~1)yr/r+4},
then (n, 'K)?/*% > X > max{exp(— CLf‘pK‘”) (n;1K)BH+D/AAD) 1 Given a sufficiently large constant & > 0, we have

(|Ejump Yuls) = E{max; jerp |0u ij — %u il1(1 ALJtuzr?p ouijl < aR)} + E{max;jep) |Gu u ~ Ou, ’1|1(|0bjlulnj1p ouijl >
aR)} =: Aj+A;. Itis easy to see that A7 < X. By Cauchy-Schwarz inequality, we have A3 < E{|614 — o, 511(1614mP

l] 1 ul] u,i,j
— ouijl > aR)} < p max,le[p]{E(lAi"f;’p — o) max”e[p]{IPﬂauu —oyuijl > aR)}V2 Let p < logp > 1.
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Since Klogp = o(n.), (47) implies max; je;p P(I6,7," — ouijl > aR) < p2" + exp[—C{n.KL *(logp) '}#/?¢+2] 4
exp[—C{n.K~'(logp)~"}"/?] + exp{—C(n.KL;? log p)*/“*2)} + exp{—C(n,K~")/**+9(logp)'/?} + exp{—C(n.K~')"} with
some sufficiently large w > 0, where w — 00 as & — ©00. Due to max; e[ E(|‘j",r; —ouijl?) < n/* < p** with
¢. = 1/(4«), where « is specified in the beginning of Section 3, if logp = o[min{(n.L; 21()‘”/(3“’+2 ,(n*K 1yx2}] with
xo = minfy /(2 + 2y +1p), /(2 + 2), y /(v + 4), 1/3), then A7 5 > + exp[—C{n.KL;*(logp)~!)*/2*2)] +
expl—C{n.K~(logp) 1}/2] + exp(—C(n.KL,?logp)*/4*2)} + exp(—C(n.K~1}/®+)(logp)'/2} + exp(—C(n.K~)} =
o{(n; 'K log p)*}. Hence, supp (|2Jump—2u|oo) < (n7'Klogp)/? provided that K—*Lf log{n.(K logp)™'} = o(1),
ﬂ(”KW@”U%p) o(1), K > L, and K(logn,)** = o(n,) with y; = max{(2t + 2y + y)/(ty),2 +2/1, 1+ 2/y},
and log p = o[min{(n,L, ZK)“’/(3“’+2), (n,K~1)2}] with xo = min{ty /(20 + 2y +1y), 1/(2t +2), ¥ /(y +4),1/3}.

Now we consider the case with ¢ = co. As we discussed in Remark 5(i), if {U,} is an independent sequence, we
can select L, = 1/2. Due to K > 1, we have K > L, in this case. Without loss of generality, we can always assume
K > L, when ¢ = oo. Based on Remark 5, it holds that {1 + n. (K + L,)"'p~"w?}7?/2 + v~ lexp(—Cn, K~ 1p~1v) for
any v > 0 and p > 1 under either of the scenarios: (i) {Ug} is an independent sequence, and (ii) {U} is an L,-
dependent sequence. Repeatmg the arguments for ¢ < oo, we have sup,, E (|4‘Z'Jump — Xul) S (n;'K logp)"/? provided
that A2( *‘K)‘/(Z‘“ (logp)™! = o(1), K(logn,)** = o(n,) with x; = max{(2t + 2y + 1y)/(ty),2 + 2/1,1 4+ 2/y} and
logp = o{(n.K~1)%2} with x, = min{ty /(2t + 2y +1y), 1/(2t + 2), ¥ /(y + 4), 1/3}. We complete the proof of part (i) in
Theorem 7. O

8.11. Proof of Proposition 4

Recall that £ = max;jepp MaXken; ;] MAXy;; yes; [tije — tijkl =< n;lK, Sijk = {tije : K < [£—kl < K+ A} and
Nijk = Sijkl. In the sequel, we will bound the tail probabilities of max; je(p I1I5(i, j)I, max; jegp; 11s(i, j)I, Max; jegpy 11173, j)I
and max; jepp) |s(i, j)|, respectively.

We first bound the tail probabilities of max;jepp [1Is(i, j)| and max; jegp |1s(i, j)|. Notice that for sufficiently large n,
minke[nu] Nijr = Ax +1and MaXke(n, ;] Nijx = 2Ak + 2. Since Ag is a fixed constant, it holds that

tijkViije LijkViije
[ ) ([ e
K<|t—k|<K+Ag N tiikALije Gij kNG j,e

tijkVEije
max max / |pis| ds
kelnijl tij.e €Sk Jo j pntijo

i i—1 .
1 ”i[ % min{k + K + Ag, n;j} — €
X
2n; ¢=1 Sk=t—K-A N
=1 “k=t—K—Ag+1
L
py
k=t—K+1

0+K
k—K+1—max{k—K— Ak, 1
+Z | { K 4

Nijk

njj

1 1

25 5= Nij

s (i, j)I

IA

IA

|min{k + K + Ag, nij} —k — K + 1],

(48)
Nijk

k=€+1
CHK+Ag

€+ 1—max{k — K — Ag, 1} [lrer
> g il M

N; i -
k=t+K+1 Ljk tije

lijkViij.e tije+1
< | max max / Kluis)ds ) x f Uj,s| dM; s
ke[n,-‘j] tije€Sijk Jt L

tij, kAL je i j =1 Ylije

njj

-1
Lij,e+1
> [ b,
3

2nij 4= Ju.

= Q,’j .
where we adopt the convention N;j; = oo if k > n;; or k < 0. For any constant d; € (0, K~1'£71], define Ed =
{supg<s<r Uj;s| > di}. Recall (AM;.);; = M;, tijong = Mig;, for any i, j € [p]. By Assumption 7, for any v > 0, we have

njj—

njj—
. P /tz)i+1ljjs|d1vljs>v <P Q, Z/nj{zﬂujs|d1\/[js>v’g,fd +Ip>(gjd)
J an p J 2”11 . g ”» = J,d1 41

=1 ij.¢
<]P’{d1Q” (AM; )i = 2n;jv} + Cexp(—Cdy).
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It follows from Bonferroni inequality that P( dei’f > v) $ N, MaXpepn;;) MaXy; es;; P ftf"}*j}:‘xtt"}*f'; Kdq|uis|ds > v) for any
v > 0. For any @ € (0, Csd; 'K~'€~'], by Jensen’s inequality, Assumption 4 implies that E{exp(¢ ft”k"/\vf”f Kd| i) ds)} <

Itig.e = tigael ™ [ Blexp(0Kd ltij.e — tijallis} ds < supoer E{exp(6Kdi§|nisl )} < exp(CK?d75°6%). Selecting
0 =< K~'d;'¢~1, by Markov’s inequality, MaXgepn, ;) MAX, ; es; 4 P(ft,tlj]kkAvt,tlj]Z Kdi|pislds > v) < exp(—CK~'d;'&~1v) for
any v > 0, which implies that
memIP’ d1Q/; = v) < n, exp(— CK~'d;'e7 ) (49)
ijelp
for any v > 0. By Assumption 6, applying Proposition 2.9 of Wainwright (2019), we have P[|(AM;.);; — E{(AM;.);i}| >
v] < 2exp[—v2/{4)»j(tj,i,njvi — ti1)}H + 2exp{—v/(2Cyo)} for any v > 0. By Assumption 2 and (4), (fj,i,nj,,- —ti1) < 1
and n;; < n,, which implies that lP’[l(AMJ i — E{(AM; )i} = nijv] < exp(— anvz/kj) + exp(—Cn,v) for any v > 0. By
Assumption 6(ii), we have max; jcp |n IE{(AM i S n;'A,. Then for any v > n;!A,, it holds that

max P{|(AM;.);i| = nijv} < imEaX PLI(AM;,.)j.i — E{(AM;,.);.i}] = nijv — [E{(AM;.);.i}]

i.jelp]
S UTHEE[I;%PH(AM Dii — B{(AM; )i} = nijv/2] (50)
< exp(—Ca; 'n2v?) + exp(—Cn,v) < exp(—Cn,v).

Combining (49) and (50), we have that P{d Q,“(AM» i = 2mijv} < IP’(d1Q," > K) + P{{(AM; )il > 2K~ 'n; v}

n, exp(—Cd;'67") + exp(—Cn,K~'v) for any v > n;'Ki,. Then P{Q/; - (2ni;)~! Z:;] t?f‘;“ UisldM;s > v}
n.exp(—Cd; '€71) + exp(—Cn.K~'v) + exp( Cd)) for any v > n_'KA.. Notice that § x n;lK. Thus, by (48),
max; jerp) P{s(i, )| > v} < exp(— Cn,K=") + n, exp(— Cd_ K1) + exp(— Ca4) for any v > nj 1K A,. In order to
make max,le[{,] [I5(i, j)| = Op(ny CVK2 log!/? p) and p diverge as fast as possible, we require logp = o(n.K~') and select
dy < (n, K="+ Then if K(logn Y1+0/t = o(n,), it holds that

N N

max P{|lls(i. )l = v} exp(—Cn, K~ 'v) + exp{—C(n, K1)+ 1} (51)
ijelp

for any v > n;'KA.. Identically, if K(log n, )+t = o(n,.), we also have

max P(|lls(i. )| = v} < exp(~CnK~"v) + exp{—~C(n.K "/} (52)
Ljelp

for any v > n; KA.
Now we consider Ilg(i, j) and 1I;(i, j). Analogously to (48), we have

1 1 tijkVtije bijeVEije
E Ois dBin UjJ' dIVIJA’S
Lij kAL je G j, kAL j e

2n; N
Wt K ok <k ag
tij Vi jie 1 T e
/ Ois dBi,s X o § / Uj,s|d1\/1j,s (53)
ti,j, kAL j e Mij o7 Jtije
1

Gije+1
= g X [ bdam

2 4= e

N

Me(i, j)I =

A

<max max K

ke[n,-,j] tij.e eS,-J-Yk

njj—1

For any constant d, € (0, K"1£7'], define the event &j.d, = {SUpg<s<r lj s > d2}. By Assumption 7,

Lij,e+1 Gije+1
P(QIGJ an / U}s|dM]sZU> <P(Qlj 2n1] / U]S'deSZ‘Uv ﬁd2>+P(5j.d2)

Gij.e Lij.e
< P{d2Q; - ( )]1 > 2n;jv} + C exp(—Cd)
for any v > 0. By Bonferroni inequality, we have
Mij tijkVtije
P(d2Q > v) < Z Z [P’<Kd2 /[ 0isdBis| > v )
ik

k=1 tiﬁj,ges,'_jvk
tijkVeije
/ Ois dBi,s =
Lij kNGije

33

<n, max max P(d,K
keln;jltije€Sijk

v) (54)
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for any v > 0. For any constant d € (0, d;l/z

Then it holds that

K~12£-1/2], define a stopping time I} 4 = T Ainf{t > 0 : supy_s; ;s > d}.

GijkVEije
P<de / oisdBis| > v, 14 = T)
G j kAL je
ik VEije 2
< exp(—cevz)E[exp{odgkz ( / Ois dBi,s> }1( Fg= T)] (55)
G j kAL je

for any 6 > 0. Identical to (27) and (28), E[exp{0d3K?( f’ll"[f”@ 0isdBis)*}I(I1q = T)] < 1. With @ = d,*d 2K 2£71/4,
(55) implies P(d,K | f;’jfk"AV[:'j’; 0isdBis| > v, Ig =T) < exp(—Cd, *d~2K~2£~'v?). By Assumption 5, MaXgepn, ;) MAXe, ;5
P(d,K | f[t’f,"zf”le 0i5dBis| > v) < exp(—Cd, *d 2K ~2£~'v?) + exp(—Cd”) for any v > 0. Then (54) implies that P(dQf; >

v) < n, exp(—Cdz_zd*ZK’zgflvz) +n, exp(—Cd” ) for any v > 0. Together with (50), we have P{ d2Q{y AM; )i > 20 v} <
P(d2Q; > K)+P{I(AM;. )il = 2K~ 'n;jv} < n. exp(—Cd;zd*Z.s;*l)Jrn* exp(—Cd” )+ exp(—Cn,K~'v) for any v > n”m*,
which implies max; jepp) P{|lls(i,j)| > v} < n.exp(— Cd‘zd 2e=1y 4 n, exp(—Cd” ) + exp(— —Cd,) + exp(— Cn.K~1v) for

any v » n; 'K\, To make max;jcpy |115(l DI = Op(ny 12k1/2 log”2 p) and p diverge as fast as possible, we require
logp = o(n, K- 1, and select dy =< (n,K~ )”/(2‘*23”*”’) and d < (d,*n, K~")Y*2), Then if K(log n, )22 +2)/@) = o(n,),
we have

meﬁP{ula(i,J‘nzv}sexp(—Cn*K v) + exp{—C(n, K1)/ 2ty (56)
i,jelp

for any v > n_'K,. Analogously, if K(log n, )*2+2)/(&) = o(n,), it holds that

max Pl (i) = v}  exp(~Cr.K~"v) + expl—Cln.k ! y7/2:+2717) (57)
ijelp
for any v > n_'KA,. Notice that ¢y /(2t+2y +1y) < t/(1+4+). Combining (51), (52), (56) and (57), if K(log n, )@ +2r+)/w) =

o(n,), it holds that max; je(y P{|1I"(i, j)| > v} < exp(—Cn.K~'v) + exp{—C(n, K ~1)7/@+2r+)} for any v > n; KA.
By (48) and Cauchy-Schwarz inequality, for any positive integer m, we have E{|lls(i,/)|™} < [E{(K~'Q/;)*™}1"/?> -

I( Z“'j_1 f[” sl dM; s P™Y2 = Ey ;4 - Eij2. By Assumption 4 and Jensen’s inequality, it holds that

, G jkVtije 2m
E}; <n.max max E / 5| ds
keln;j1tij ¢€Sijk tij kALij e

2m—1 figkVtig e 2m 2m
<n,é max max sup E(|uis|“™)ds < n.é
ke[”l]] ti j e €Sijk tij kAL j e 0<s<T

If k*n;11< = 0(1), it follows from Assumptions 6 and 7 that
El, < [(Osup If s|2’">{1<n (AI%-,A)N-}“]
<s<T

1/2
< {E( sup LM‘”")} - (E[{Kn;} (AM;, )" D)'? (58)

0<s<T

< (Elexp{Kn;'(AM; ) 41)"? < 1.

Thus, max; je(p; E{|1I5(i, j)|™} < n1/2$rn Analogously, we have max,je[p] E{|I(i, )™} < nl/zém By (53) and Cauchy-Schwarz
inequality, it holds that E{|lls(i, )|} < [E{(K~'Q%)*™1"? - [E{(n K S lftt’”“ Uisl dM; )*™}1% =: E;j 5 - Eij » for any
positive integer m. By Assumptions 4 and 5, Burkholder Davis— Gundy mequalfty implies

) tijkViije 2m
m
Ef; Sn.max max E / 0is dBj s <n.EM.
kelnijl tij ¢ €Sijk tijkALij

1/2 1/2

Together with (58), max; jerp E{|Us(i, )™} < £™M/2. Analogously, max; jerp) E{|1;(i, )|} < £M/2 Hence, we have
max; jerp) E{|1"(i, nmM < nl/ 25'"/2 for any positive integer m provided that A,n 'K = o(1). We complete the proof of
Proposition 4. O
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8.12. Proof of Proposition 5

Notice that for sufficiently large n, minke[nu] Nijx = Ax + 1 and MaXken; ) Nijk = 24k + 2. Analogously to (48), we
have that
n,]

GijkVtije
Z Z (/ Uisl dMi,s) 1Uj.i]
t;

Mij 2 1 K<|0—k|<K+Ag Y Gk

1 T e
<K max |Uqu.k|> x o Z/ Uisl dMis . (59)

ke[n;, 2 ij =1 Jtije

[ (i, )|

For any constant d; > 0, define the event & 4, = {Supgs<r li,s| > ds}. By Assumption 7, it holds that

Gije+1
{(Kmax |U,q,k|> o Zf uzs|d1vlls>v}
W=

tu(

HU

tij,e+1
S P{ (K max |L]j,t,'jk|) /. IJ15| dMlS Z v, S } +P(gf,d3) (60)
keln;j] > Zn,J tije

< {(daKkrggx |U;[,,,<|>(AM, Jij = 200 }+Cexp(—Cd§)
for any v > 0. By Bonferroni inequality and Assumption 3, P(d3K MaXke[n, ;) |L]jati,j.k| > v) Zk " |th = dy g1 v) <
My MaXpern ;1 P(Ujg, | = d5'K~'v) < n, exp(—Cd3*K—2v?) for any v > 0. Recall § < n”K Together with (50), for any
6 € (0, 1), we have that P{(dsK MaXke[n; ;] |Uj,t].,j1k|)(AM,- )ij = 2nijv} < P(dsK MaXke(n; ;] 193 [”kl > KE—%) + P{(AM;.)ij >
2n;;K'&%0) < n, exp(—Cd; & ~2%) + exp(—C&°~'v) for any v > &17%4,. By (59) and (60), max; jep P{UI"(i, j)] > v}
n, exp(—Cd;ZS*Z‘s)+exp(—C§5*1v)+exp( Cd) for any v > £1791,.. To make max; jep [11(i, j)| = O ( S2 K12 10g /2 p),
it suffices to require logp = o[min{d;*¢~% d‘,g” M, 2262 (logp)™! = o(1) and logn, = o(d;*£%). To make p
diverge as fast as possible, we select § such that d; 26~ =< d < £2°~1. Then § = (1+2)/(4t+4) and d3 = £~ /+2)_ Hence,
if K(log n,. 2“1/t = o(n,.), we have max; jejp IP’{|III”(1 > v} < exp{—C(n, K~ 1B/ EF9y1 1 exp{—C(n, K~/ @+2)} for
any v >» ( —lK)(3t+2)/(4t+4)}L

By (59) and Cauchy-Schwarz inequality, we have E{|III"(i, j)|"'} < {E(maxien, ;1 1U; t,jklzm)}l/2 [E{(n;; 1K Zn”q t”“’

Uis| dM;5)*™}1Y/2 =: F;j 1 - Fij » for any positive integer m. It follows Assumption 3 that F2 | < n, MaXge(n; ] E(U>™ )< < My

ij,1 ~ Jotijk
Analogously to (58), we have Ff 5 STif A, n;'K = o(1). Hence, max; je(p] E{Ir3, )™ < n*/ for any positive integer m
provided that A,n; 'K = o(1). We complete the proof of Proposition 5. O
8.13. Proof of Part (ii) in Theorem 7
We first consider the case with ¢ < oco. Write R = (n;'Klogp)'/?. For each i,j € [p], we define the event
Aij = {l6 Ad“fj'p e _ 1] < 4min(loyj|, @R)} with some constant o > 0, and d;; = (cﬂf’gp‘mre — 0u,i,/)I(Af;). Identical to

- jump, thre

(40), we have E(|| X,

{(maxZw) }<pZ 1630 — 655 21(AS )}

ie[p]
P ij=1

— Xul3) S B{(maxicppy Y7y 1dij1)*} + R0, It holds that

P
=p Z E(|&d?;3p’thre ou lJ| I[A n {Aillullrjlp thre 0}])
ij=1

I

~ jump, thre A jum thre A jum,
+pZE(|Ud,up Uu1]| I[A N {o, d,jp = leup}])

11
Recall & ”””j’p thre ””mpl(| ””mpl > BR) for any i, € [p]. Identical to (42),1 < pZ” el Af,ul“;p ou,ijl > (4o — B)R}.
Selecting @ = 8/2 ancl B belng sufficiently large, identical to the arguments used in Section 8.10 for bounclmg the conver-

gence rate of A3, we know I < o(R*) provided that K=?L{ log{n,(K logp)~"} = o(1), A2(n; 'K}/ 2(log p)™" = o(1), K > Ly,
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K(logn, )" = o(n,) with x; = max{(2t+2y +ty)/(ty), 2+2/t, 1+2/y}, and log p = o[min{(n.L,2K)*/®¢+2) (n,K~1y2}]
with o, = min{ty /(2t 4+ 2y +ty), /2t + 2), y /(y + 4), 1/3}. Also, identical to (43),

I<p Z{E 1635 — 0w N ARG, — ouijl > 4aN)}2
ij=1

+p Z{E 160 — 0w PG — ouijl > (B — a)R}]'2.

ij=1
Notice that max; jefp E(|6L’;”ir;‘p — oY) < n* < p¥ with ¢, = 1/(4k), where « is specified in the beginning of
Section 3. Since @ = p/2, repeating the arguments used in Section 8.10 for bounding the convergence rate of A3

again, it holds that Il < p3™%[max; je[y P{|Ad"f’;p ouijl > (B — a)R}V2 < o(R?) if KL} log{n.(K logp)~'} = o(1),
ki(n;‘K)‘/(Z‘“)(logp)’l = o(1), K > L, K(logn, )" = o(n,) with x; = max{(2t + 2y + 1y)/(ty),2 +2/1,1 +
2/y}, logp = o[min{(n,L2K)*/3¢*+2) (n,K~1y2}] with x, = minfuy /(2 + 2y + ty).1/(2t + 2). ¥/(y + 4).1/3}.
Therefore, E{(maxicip) Y iy |dij|)*} < 1411 < o(X?), which implies sup,, IE(||2Jump thre =.2) < c2(n; 'K log p)'~.
Analogously, in the case with ¢ = oo, we have supp, E (||E'Jump e _ Zu||2) < p( n; 'K log p)'~9 provided that K > L,
A2(n;'K) /@ (logp)™' = o(1), K(logn, )1 = o(n,) with x; = max{(2c + 2y + 1y)/(ty).2 + 2/t,1 + 2/y} and
logp = of(n,K~1)2} with x, = min{ty/(2t + 2y + 1y), /(21 + 2), ¥ /(y + 4), 1/3}. We complete the proof of Part
(ii) in Theorem 7. O

8.14. Proof of Theorem 8

For sufficiently large n, minke[ni_j] Nijr = Ax +1and MaXgen, ;) Nijk = 24k + 2. Analogously to (48), we have that

GijkViije GijkViije
@il < Z > ( / Uis| de,5> ( / Ujs| cle,s)
i 1 K<|t—k|<K+Ag NV lijkALij.e ri,j.kAti.j,z
tijkViije tije+1
(K kmax . masx / Uis| de,S> X / [is| dM; s (61)
€lni ) tije€Sighe J by ent;j o Mij 27 Jije
nij—1 .
‘l ij,0+1
=g 2 [ e
L= YHije
For any constant d > 1 and i € [p], define the event & ¢ = {supy,<r Uis| > d}. Let (AM; )(H fijkVligie dM; s for any

tlj ’(/\tlj t

k € [nij]l and t;j, € Sijk- Recall (AM;.);; = f[”"” dM; 5. By Assumption 7, it holds that

J Ml i JoMiTl e
P( Ly / Uisl dMis = v> < P<7’1 > / UisldMis > v, &y, gﬁd) + P(&i.a) + P(&a)

2n;j 1 Ytije 2n; =1 Ytije

<]P’{d2K max max (AM;. )" - (AM; ) >2n,jv}+exp(—Cd‘) (62)

keln;j1 i j e€Sijk

for any v > 0. By Bonferroni inequality, we have that

]P{ max max (AM;. )k £ > v} <n, max max P{(AM;. )(k L) > v} (63)

kelnijl1tije€Sijk keln;jltij e€Sijk

for any v > 0. Recall that £ = max; jepp MaXke[n; ;] MAXy;; s, [tije — tijkl =< n;lK. By Assumption 8(ii), it holds that
MaXe(n; ] MaXy; es;,, E{(AM;; )k 9} < an7 KL If A,n7'K = o(1), by Markov's inequality, Assumption 8 implies that

P{(AM; )5 > v} = Pl(AM; )5 — E((aM; )50} = v — B{(aM; )90

< P[(AM;,. )k Y _E{(aM; )(k 0y > v/2] < exp(— Cv)exp(CA*n*_11<) < exp(—Cv)

(k,0)

for any v > A.n;'K. By (63), we have P{maxepn; Jmaxtlﬂgsuk(AMJ )
Together with (50) for any § € (0, 1), it holds that

> v} < n,exp(—Cv) for any v > A,n;'K.

P{dZK max max (AM;. )(k[ (AM; )iy > 2ni,jU]

ke[n,-yjj tije ES,‘J k

< ]P’{ max max (AA/Ij,.)](»fj-’l) > é";} —i—]P’{dZK(AM dij > 2n,]$ v}

kelnijltije€Sijk
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< nyexp(—CE %) + exp(—Cd 25" 1)

for any v > &'7%d?),. Together with (61) and (62), max; e P(|wij] > v) < n,exp(—CE~°) + exp(—Cd2£%~1v) +
exp(—Cd") for any v > &'7%d?),. In order to make max; ey |ij| = Op(&'/2log"/?p), it suffices to require logp =
o[min{£~%, d~4£¥-1 d'}], A261-23d%(logp)~" = 0o(1) and logn, = o(£7%). To make p diverge as fast as possible, we select
8 = 1/(3t+4) and d' =< &%, Then if K(logn, )4/ = o(n,), max;jcp P(|ij| > v) < exp{—C(n K~ 1)2+2/G+4)yy 4
exp{—C(n, K~ 1)/3+9} for any v > (n1K)2+2/CH)

Analogous to (58), by Assumptions 7 and 8, it holds that

tijkViije 2m
max E(Joj|™) < max max max E / [is| dM; s <1
J€lpl ijelpl keln;j1t;j e€Sijk tij kAt e

for any fixed positive integer m. We complete the proof of Theorem 8. O
8.15. Proof of Theorem 9

Write R = (n; 'K log p)'/2. Recall 6™ = 6, i — ;. By Theorem 8 and the proof of Section 8.10, for some sufficiently
large constant a, > 0, if A2(n ‘1K)‘/(3‘+4{(10g p)~! = o(1), we have

uz]

P(maxlau,] — ouijl = aﬁ%) < p? max P(|6

M — Guijl > 0uR/2) + p? max B(|mij| > 0,R/2) = o(R*)
ijelp] i,jelp] i,jelp]

provided that logp = o[min{(n,L,2K)*/C¢*+2) (n,K~1)"}], K~L} log{n.(K logp)~'} = o(1) and K > L,, where x* =
mm{Ly/(Zt + 2y 4+ y), /3t 4+ 4), y/(y + 4)}. Hence, Part (i) holds. For any C > 0, by Markov’s mequallty, we have

(||Z,1t Bl = R < % e (||2'Jthle — X,]12). In the sequel, we will show IE(HZthre DIMESIES
(o 28201-9), Based on this result, we know Part (ii) holds. For each i,j € [p], we define the event A;; = {|, A;hfje —ouijl <
thre Sthre

4min(|oy,j|, @R)} with some constant « > 0, and d; j = (,
E{(maxl-e[p] Z_?:l |di,j|)2} =+ CZNZ(]iq) and

p 2
E{(?Qﬁ2|di,j|) }<p2 (160 — o 1P11AS; N {602 = 0}])
]:

ij=1

—oy,ij)I(A iyj).Asshownm(40)and(41) E(]| X, —Eu||%)§

u,ij

I

p
+p Y E(I6F — 0 PITAS; N (SIS = 6uij}]) -
ij=1

I

Recall aﬁhr]" = 6u,il(I6yijl = BR). By (42), 1 < pz u”IP |Gu,ij — ouijl = (4a — BIN}. Notice that max;jepp
E{|6u.j — ouijl*} < ni/% Identical to (43), 11 < pn,/* 3P, 1{ (16uij — ouijl > 4R} + pni/* S0 [P(16ui5 — ouigl >
(B — a)R}]V2. Selectlng a = p/2 for some sufficiently large § > 0, we have I + I < 0(X?) provided that
A2(n “I()l/(3‘+4 (logp)~! = o(1), logp = o[min{(n,L;2K)*/C¢+2) (n,K~1y"}], K“LY log{n, (K logp)‘l} =o(1)and K > Ly,
where x* = min{ty /(2 + 2y 4+1y),1/(3L + 4), y/(y +4)). Thus E(|Z™ — ,(13) < 282179, We complete the proof of
Theorem 9. O

8.16. Proof of Lemma 1

Write S = Z[ 1Z¢. Note that max; ¢z Var(z;) < oo. We w111 apply the Fuk-Nagaev inequality (Rio, 2017, Theorem 6.2)
to bound the tail probability of maxycz |Sk|. Define o~( Zk:l u < a(k)}. Since a(k) < a; exp(— aan"’|k - m|+)
then o~ (u) < m+ a;”‘”iﬁ log/¢(a;u™") for any u > O. Define Q(u) = supm Q(u) with Q(u) = inf{x > 0 : P(|z| >
x) < u}. Since P(|z;] > x) < byexp(—byx"), then Q(u) < bq/r log!/"(byu~"). Define R(u) = o~ "(u)Q(u). We have
Rw) < ciLilog"™(cou™t) + cymlog" (cou™") with ¢; = b;”r max(a, /?, 1), ¢, = max(aj, 1) and r. = ro/(r + @)
Since R(u) is a right-continuous and non-increasing function, then its mverse function H(x ) ~!(x) = inf{u : R(u) <
x} < inf{u : ciLzlog"™(cou™!) + cymlog" (cu™1) < x} < G exp(— ch *X'*) + ¢ exp(—C;m~"X") for any x > 0 with
51 = ¢ and ¢; = min{(2¢;)™™, (2¢1)""}. Write i = ¢4 exp(—Eziﬁ *X'™*) 4 €1 exp(—C,m~"X"). Therefore, fH(X) Q(u)du <
[ by log" (b ) du < a1y Y€ dy < by'ilog! (bhiit) < a2 log(byi "))/, As x — +oo, we have
il — 0%, which implies &/ log(b,ii~!) — 0. Hence there exists a universal constant ¢ > 0 such that &'/? log(biii™!) < ¢
for any it € (0, 2¢;]. By the definition of &, we have fOH(X) Q(u)du < exp(—Cigr*x’*) + exp(—Cm~"x") for any x > 0.

Recall s7 = > . _;ICov(z,, z,)|. By the Fuk-Nagaev inequality, P(maxea [Sk| > 4iir) < 4(1 + a?p~1s-2A2)7P2 4
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41 fOH(ﬁMp) Qu)du < (1+2p~1s3202)7P/2 + Fl{exp(—Cﬁr*)J*p*r*i;r*) + exp(—Cm~"A"A"p~")} for any A > 0 and
p > 1. We complete the proof of Lemma 1. O

8.17. Proof of Lemma 2

We first consider the case with ¢ < oo. Define Aj(e, u) = max{1, maxe; Zf':sal/“(t — 5)}. Notice that a(k) <
a; exp{—az(Lglk)‘/’} for any integer k > 1. For any k > 2, it holds that

n n
Aife, 2(k — 1D} < 1+ max Y {a(t —s)}V2 <14+ {a(m) V=2
1 ) = 1+ max 2{ (t =) ;]{ (m)
n m
<l4a+aq Zf exp{—a(2k — 2)’1Lg“’x‘/’} dx
m=1 m—1

o0
<l+a+a / exp{—ax(2k — 2)7 'L ¥x} dx < Cu(k — 1)L,
0

for some constant C, > 0 independent of k. Due to k¥ < kle* for any integer k > 1, we then have Ag’l{a, 2k — 1)} <
CkM(k — DY VoLE < (C.e?/?Li)(Cee'/#Li ) ~2(k!)V/%. Let Ii(x) be the kth order cumulant of the random variable x. By
Theorem 4.17 of Saulis and Statulevicius (1991) with 8 = 1, we have |I}(Sq)| < (k0)**7+V/¢(CLzH2)(CLzHz)*"%# with C =
27+27C,e?/%, which implies |I}(Sa/f)| = A~¥|I(S)| < (k)27 +1/¢(CLH2A~"(CLaHzA~")*~2. By Lemma 2.4 of Saulis and
Statulevicius (1991), it holds that P(|Ss| > fix) < exp(—CiL; 'H; 2x?)+exp{—C(iiL; 'H; 'x)"/*P} for any x > 0, where F =
1+7 4. Analogously, when ¢ = oo, we can also show P(|S;| > fix) < exp(—CAL: ' H-2x?) + exp{—C(fiL- 'H; 'x)//(14D)}
for any x > 0, where i = 1+ 7. We complete the proof of Lemma 2. O
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