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Abstract

The first part of my thesis deals with the factor modeling for high-dimensional time series
based on a dimension-reduction viewpoint. we allow the dimension of time series N to be as
large as, or even larger than the sample size of the time series. The estimation of the factor
loading matrix and subsequently the factors are done via an eigenanalysis on a non-negative
definite matrix constructed from autocorrelation matrix. The method is dubbed as AFA.
We give explicit comparison of the convergence rates between AFA with PCA. We show that
AFA possesses the advantage over PCA when dealing with small dimension time series for
both one step and two step estimations, while at large dimension, the performance is still
comparable.

The second part of my thesis considers large integrated covariance matrix estimation.
While the use of intra-day price data increases the sample size substantially for asset alloca-
tion, the usual realized covariance matrix still suffers from bias contributed from the extreme
eigenvalues when the number of assets is large. We introduce a novel nonlinear shrinkage
estimator for the integrated volatility matrix which shrinks the extreme eigenvalues of a re-
alized covariance matrix back to acceptable level, and enjoys a certain asymptotic efficiency
at the same time, all at a high dimensional setting where the number of assets can have the
same order as the number of data points. Compared to a time-variation adjusted realized
covariance estimator and the usual realized covariance matrix, our estimator demonstrates
favorable performance in both simulations and a real data analysis in portfolio allocation.
This include a novel maximum exposure bound and an actual risk bound when our estimator

is used in constructing the minimum variance portfolio.
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Chapter 1

Introduction

My thesis consists of two pieces of work, the first piece of work deals with factor modeling
for time series data, and the second piece of work deals with the estimation of integrated
covariance matrix. In this chapter, we give the motivations, question formulation, research

hypotheses to investigate, and proposed solutions for both pieces of work.

1.1 Motivation for the first piece of work

In economic or financial time series data, it is typical that on top of serial correlations driven
by several common factors, some components of the observed time series can have a specific
correlation structure. For instance, world wide performance index of health sector can be
driven up by diseases spreading over a certain region on earth, while the global market index
can actually be going down suffering from general economic downturn. The disease factor
is only affecting the performance index which is specific to the index itself and cannot be
explain by other factors driving many other economic indicators. Therefore, it is natural to
distinguish the more pervasive factors from the local factors.

In chapter 2, we try to estimate the factors using the so called autocorrelation factor
analysis (AFA). By assuming certain regularity conditions, we propose theorems concerning
the convergence rate of the methods. It is clear from the theoretical results, AFA method
has a big advantage when the noise is very heteroscedatic. For comparison, we have give the
counterpart rates for principle components methods (PCA). When we have a large panel of
time series where there are many small categories, for example, a panel of macroeconomic
indicators, we can use AFA to firstly estimate the more pervasive factors, and remove the

effect of the pervasive factors, and use a two step procedure to estimate the local factors. The
7
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convergence rates of the two step procedure with known and unknown grouping structures
are also proved. We also design numerical experiments and using a set of real macro economic
data to demonstrate our methods.

The contribution of my part is that I explicitly proved the theorems in the chapter and

do the numerical and real data examples.

1.2 Motivation for the second piece of work

The second piece of work is concerned with the estimation of the so-called Integrated Covari-
ance. This is a particular type of covariance matrix that arises in financial econometrics from
data sets of high-frequency stock returns. The fundamental difference with standard covari-
ance matrix estimation is that the intra-day variance patterns are extremely time-varying,
and must be taken into account. Intuitively speaking, the ICV matrix is best understood as
the average over a certain time period of instantaneous covariance matrices. In the frame-
work of large-dimensional asymptotics, the largest (smallest) estimated eigenvalues tend to
be too high (low) and have to be pushed downwards (upwards).

In chapter 3, we propose a nonparametric estimation method which ‘cross fertilize’ the
nonlinear shrinkage estimation of the covariance matrix onto the large-dimensional ICV
matrix estimation problem. The properties of proposed methods are studied and numerical
examples are given to demonstrate its usefulness.

The contribution of my part is that following the idea of Dr Lam, I explicitly give the
estimator and complete the proofs with Dr Lam together, the simulation and numerical

studies were also my work.



Chapter 2

Autocorrelation-based factor analysis

2.1 Relevant methods in the literature

The study of multivariate time series data becomes more and more important in many
different fields, including macroeconomics, finance, and environment studies. In practice,
due to the number of parameters needed to estimate is often too many, the method is rarely
used without proper dimension reduction or regularization.

Factor modeling is one of the main techniques used in order to achieve dimension reduc-
tion for multivariate time series. The goal is to try to find factors which drive the dynamics
of the time series. To this end, Lam, Yao and Bathia [12] propose to decompose a times
series into two parts: a dynamic part which we expect to be driven by a lower dimension
factor time series, and a static part which is a white noise vector. The estimation of the
factor loading matrix and subsequently the factors are done via an eigenanalysis on a non-
negative definite matrix constructed from autocorrelation matrix. We refer to this method
as Autocorrelation-based Factor Analysis (AFA).

The vast majority of existing literature deal with factor models using a different decom-
position y; than AFA method does. Most of those factor models decompose differently in a
way that they try to identify the common factors that affect the dynamics of most of the p
components in the original time series and separate the so-called idiosyncratic noise compo-
nents, in which each of them may affect at most a few original time series, from the common
factors. This decomposition has its own merits in econometrics and finance applications. An
important example utilizing this decomposition is by Bai and Ng [5] which was the method

of PCA to estimate the factors and factor loadings.
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However, technical difficulties arise in both model identification and inference: such
decomposition requires that the dimension of time series goes to infinity for the common
factors and idiosyncratic noises to be identified. In contrast, the decomposition by Lam,
Yao and Bathia [12] is exempted from this identifiability problem. AFA works in both high
and low dimension circumstances.

In [12], there is no direct comparison of the convergence rates for AFA and PCA. In this
chapter, we give an explicit comparison of the convergence rates between AFA with PCA. We
show that AFA possesses the advantage over PCA when dealing with small dimension time
series for both one step and two step estimations, while at large dimension, the performance
is still comparable. At the end of this chapter, we also include a discussion paper to a journal

article in section 2.8.

2.2 Models and estimation

2.2.1 The Models and assumptions

Suppose we want to analyze the linear dynamic structure of time series y;, we may decompose
y; into two parts: a static part (a white noise), and a common component which is driven

by a low-dimensional process. Therefore, for ¢t = 1,...,n, we may consider the model
Y = Al‘t + €, (221)

where g, is the observed time series of dimension p, z; is the unobserved factor time series
of dimension r, and it is assumed to be weakly stationary with finite first two moments.
Here we assume both means of 3; and x; are removed. The matrix A denotes the unkown
constant factor loading matrix of size p x r. Here we assume the number of factors r is much
smaller than p. Finally, ¢; is a p X 1 white noise vector with mean zero and some covariance
matrix Y.

By noting the fact that the RHS is unchanged if we replace the pair (A, z;) by (AH, H ;)
for any invertible r x r matrix H, we can always find an A such that the columns of
A = {ay, - ,a,} are orthonormal, therefore, we may assume A’A = I,, where I, denotes
the r x r identity matrix and A’ denotes the transpose of A. Let B be a p X (p — r) matrix
for which (A, B) forms p x p orthogonal matrix. Although the factor loading matrix is not
uniquely defined, the factor loading space M(A), which is the r—dimensional linear space

spanned by columns of A is uniquely defined. Also, it is sensible to assume that any white
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noise linear combination of z; are absorbed into ¢;, and the rank of A is r as otherwise we
may express (2.2.1) equivalently in terms of lower-dimensional factors.

In our model, the only observable series is y;. How well we can recover x; from g, thus
depends on the factor strength reflected by the coefficients in loading matrix A. For example,
in the case of A = 0, ¥, carries no information on x;, Therefore, it is intuitive to characterize
the ‘strength’ of a factor using the number of non-zero elements in a column of A. Intuitively,
pervasive factors are those factors that affect most part of the series, and local factors are
those affect only part of the series. Now assume we have r; pervasive factors (the numbers
of non-zero elements in the corresponding columns are of order =< p), and ry local factors

with strength %. Then the model can be written as
Y = A.Tt + € = Asxts + watw + €, (222)

where ALA,, = 0. In addition, for A,,, we assume it adopts a known factor structure group:

A,, 0 .- 0
0 A, 0 : ,
Ay=| , A, € R (2.2.3)
0 o0 AW27

Here is some more notations. Define 3,(k) = Cov(Zts, T(1—k),s), Zw; (k) = Cov(Tiw,, T(t—k)w,)

and X, (k) = Cov(zyig, €). For k=0,1,2,--+  ko. Also put
Xy (k) = Cov(ys, Yi—k), La(k) = Cov(zy, 24—k),
Zze<k) = COV(.’Et, Gt,k).
Now, we have some regularity conditions.
(C1) In model (2.2.1), no linear combination of x; is white noise and %, (k) is of full rank
for k=0, -, kg, where kg > 1 is a positive integer. In addition, A’A =1,.

(C2) The covariance matrix Cov(e, x—s) = 0 for all s > 0.

(C3) The observable series y; is strictly stationary and W-mixing with mixing coefficient W(-)

satisfying that ), tW(t)z < oo, and E(|y]*) < oo element-wise.

(C4) For pervasive factors, it holds that ||X;(k)| < p < ||2s(k)|lnin, and for a local factor
wj, || X, (k)| X pj < ||Zw, (k)|lmin. Here, p; denotes the number of non-zero elements

in a specific local factor w;.

(C5) For k=0,1,---, ko, [|Zec(k)l| = o(p;).
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2.2.2 Estimation for the factor loading space

For the purpose of estimation, we want to find an estimator A for the p X r factor loading
matrix A. Recall that we have A being orthonormal, then the factor process x; can be
estimated by A’ y and the resulting residual is (I, — AA’ Yt
In [27], they propose a method to estimate the factor loading matrix by performing an
eigenanalysis on a non-negative semi-definite matrix. The method is outlined here.
(C2) implies that
2, (k) = AS,(K)A' + AY, (k), k> 1.

Define the p x p nonnegative definite matrix M by

ko
M = Z ¥, (k)X,(k)', where kg is a prescribed integer.
k=1

This matrix is constructed to accumulate the information from different time lags. Since
Y, (k) = A, (k)A" + AX,(k), k> 1,

we have MB = 0, i.e. the columns of B are the eigenvectors of M corresponding to zero-
eigenvalues. We use this non-negative definite matrix to avoid the cancellation of the in-
formation from different lags. Therefore, the value of k is taken from 1 rather than 0. In
practice, small lag would be enough, as the autocorrelation is often at its strongest at the
small time lags, large kg would not make a significant effect on the estimation.

The factor loading space is then spanned by the eigenvectors of M corresponding to
its nonzero eigenvalues. We take the r orthonormal eigenvectors corresponding to non-zero
eigenvalues of M as the columns of A.

Finally, A is found by performing an eigenanalysis on the sample version M:
M =3 5y (k)% (k)
k=1

where iy(k) denotes the sample covariance matrix of y, at lag k.

2.3 Theoretical properties

In our notation, we use a < b to denote a = Op(b) and b = Op(a), and for any matrix
G, |G| is the Ly norm, ||G||F is the Frobenius norm and |G|, is the square root of the

smallest non-zero eigenvalue of GG'.



2.3. Theoretical properties 13

In Bai and Ng (2002), they propose a method (PCA) to find the factor loading matrix
by doing an eigenanalysis on the matrix 3, = Cov(y, y;). The following theorem gives the

convergence rates for PCA and AFA respectively.

Theorem 1 Let conditions (C1)-(C5) hold. Further if we assume || Xc|]| = O(p"), v € (0,1),
and denote the PCA estimator for fact loading matriz by KPCA, it holds for PCA that:

- 1z ) 1/2
|&pcs — Al = Op([ —2—) nHBEB(1+ (—L—) )+ minp; ' [B'SAl),
min; p; min; p; J
and for AFA,
N 1/2 ) ) P 1/2
IA - Al = op<( | ) nHBEB](1 ¢ ( | ) %),
mlnj p] mlnj p]

From theorem 1, we can see the difference of those two rates is that PCA has an extra
term min; p;l |B’YX.A| than AFA. For large p;, this term tends to zero, and PCA and AFA
have the same rates asymptotically. However, when p; is small, min pj_lHB’ Y Al may be
dominant and PCA may even be inconsistent. This manifests the advantage AFA has when
we deal with groups with small dimension.

In Lam and Yao (2012), they introduce a two-step estimation procedure, which is superior
to the one-step estimation. The method is outlined here.

In equation (2.2.2), we first obtain the estimator A = (.&S, Kw) for the factor loading
matrix A = (Ag, Ay), then the effects of pervasive factors can be removed from the data
using

v =y — AsALy,.

Next, we perform the same estimation for the new data {y; }, and obtain the estimated factor

loading matrix A,, for the local factors. The final estimator is then

A= (A, A,).

To highlight the benefits of the two-step estimation procedure, we replace condition (C5)

by a stronger condition:
(C5)” Cov(xy,es) =0 for any ¢, s.

The convergence rate for two step estimation is presented in Theorem 2 below.
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Theorem 2 (Two step rates) Let conditions (C1)-(C4) and (C5)° hold. Denote p,, =
min; p; and py = max; p;. Let n = O(p) and if we do not know the structure of the factor

loading matriz, then for PCA, we have
~ 1 4 1 1
|Apca — All = Op(r3p2pipy, n 2 + 0, IB'EAL),
and the counterpart rate for AFA is
~ 14 1 1 1
A = All = Op(rip2piypm, n2).

If we know the local factor structure group, and denote Egi) as the covariance for ith group

of noise, then for local factors ith group A&,?,
A G i -1 - i) A (i
|ASes — ALl = Op(n™ 2 +p; ' [BEPAD).

and

|AD — AD| = Op(n~2).

2.4 Simulations

We conduct the following simulation examples to illustrate our method. The comparison
with principal components method of Bai & Ng [?] is also reported.

We set r = 11 as the number of factors in model (2.2.2) , including one pervasive factors
and 10 local factors. And the 100 x 11 factor loading matrix has the following structure:

(hence the factor structure group is known as we assumed.)

A, Ay, 0 -+ 0
As, 0 A, O : 10
A= Ay, As, €R (2.4.1)
: : .0
Asy 0 - 0 Ay

Every non-zero entry in A comes from U (0, 1) distribution and the first column is orthogonal
to every other column (This is done by QR decomposition, the local factors are automatically
orthogonal as non-zero entries are not overlapping). The factors are defined by z; = 0.9z, 1+
n, where is 1, are independent N(0,1) random variables. The performance of estimator is

measured by

d(A) = ||(I— AA)A|, (2.4.2)
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which measures the ‘distance’ between the estimated factor loading matrix and the true fact
loading matrix and a smaller number means a better estimation of the factor loading matrix.

We consider two scenarios for noise structure ¢;.

Scenario 1

In scenario I, ¢, ~ N(0,X;), where the (7, j)th element of 3 is defined as
Lo S o
oij = 5{(li = jl + 1)*7 =20 — 1?7 + (i — j| — 1)*7}, (2.4.3)

and H is the Hurst parameter which takes value in [0.5, 1]. Larger H, means stronger cross-
correlations for the components in ¢; and larger H,, accounts for stronger autocorrelations
for e/’s.

Table 2.1 reports the results obtained for scenario I. The experiments is conducted with n =
1000 and 100 repetitions. AFA1 and PCA1 are the results obtained without the knowledge
of data structure and AFA2 and PCA2 are the results obtained with known data structure.

Table 2.1: Scenario I

Errors/s.d.

H, H, AFA1l PCAl1 AFA2 PCA2

05 05 2602 2215y 2760) 2lur)
0.7 0.5 26(22) 41(61) 26(70) 20(50)
0.9 0.5 266 860a 26060 2930

05 07 4208y 3207 2768 2l
0.7 0.7 43(37) 47(62) 27(65) 22(44)
0.9 0.7 4661 8670y 267  32(ss)

0.5 09 89y Tluss) 298 2201

0.7 0.9 889) 72124y 3le1) 235

0.9 09 8laisy 8391 2965 279
Table: Means (true value multiplied by 100)

and standard deviation (in brackets, true value multiplied by 1000)

The results show that when both serial and cross-correlations are not too strong, our
methods perform similar to PCA, with cross-correlations are strong, AFA has better accuracy
in estimating the factor loading space. However, When the serial correlation is strong as

well, PCA outperforms our methods.
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Scenario 11

H 0 0
, 0 H 0 : '
In scenario II, ¢, ~ N(0,X5), where 3y = , and each H is a 10 x 10
R
0 .. 0 H,

diagonal matrix. In this case, the white noise ¢; adopts a heteroscedastic and diagonal
covariance structure.

To obtain ¢; in scenario II, we first generate p x n matrix Z with entries being indepen-
dently identically distributed standard normal random variable. And let
H = diag{c},0},03 0% 03 0% 0% 0% 0% 05}. Therefore EQ%Z would give the required noise
structure for scenario II.

The performance is reported for both AFA and PCA, AFA1 and PCA1 are done without
the knowledge of factor structure group, AFA2 and PCA2 are the results obtained with a
known factor structure group. For each of the following cases, we replicate the simulation
100 times.

Firstly, we conduct experiment for homogeneous noise, i.e., 3o has all diagonal entries

equal one.

Table 2.2: Scenario II Homogeneous noise

Error/s.d.

n AFA1 PCA1 AFA2 PCA2

200 9rgy  Td92) O2(115) 42(95)
500 48(6s 36(0)  35(rs)  28(ea)
1000 2601, 2lar  260)  20ss)
Table: Means (true value multiplied by 100)

and standard deviation (in brackets, true value multiplied by 1000)

From Table 2.2, we can see that by knowing the factor structure group, both methods
perform better. And PCA outperforms our method in general. This is consistent with our
asymptotic results.

However, the situation changes once we introduce heteroscedastic noise.
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Table 2.3: Scenario IT Heteroscedastic noise

Error/s.d.

0'1/0'2/0'3 AFA1 PCAl AFA2 PCA2

1/1/1 206(22) 22(16) 26(s) 19(52)
1/1.2/1.3 3230y  30(23)  25(509)  20(43)
11315 35(29) 3720y  26(75)  23(46)
1/1.4/1.8 4350y 5353y  28(70)  29(42)
1/1.5/2 4749y  6260) 2761) 3435
Table: Means (true value multiplied by 100)

and standard deviation (in brackets, true value multiplied by 1000)

From Table 2.3, The performance of our method catches up with PCA as the noise
gradually becomes larger and more heteroscedastic. In addition, AFA2 does not change
as we increase the variance of the noise. This is consistent with our theoretical results:
when we estimate with the knowledge of factor loading matrix, the convergent rate is only
dependent on n for our estimator, which is robust against the change in noise structure.
On the other hand, the performance with PCA would deteriorate if the noise becomes more
heteroscedastic.

To further demonstrate the performances for those two methods, we choose {01, 09,03} =

{1,1.4,1.8} as the parameters in H and combine with the Hurst noise matrix with H, = 0.8.

Table 2.4: Scenario II Heteroscedastic noise 2

Error

n AFA1 PCA1 AFA2 PCA2

100 99 99 7 91
200 99 99 95 87
300 99 99 48 81
400 99 99 40 67
500 98 99 37 66
1000 60 99 28 52
2000 28 98 20 49
5000 16 99 13 37

Table: Means (true value multiplied by 100)

From Table 2.4 | it is clear that when noise becomes more heteroscedastic, PCA simply
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does not work in estimating the factor loading. However, our method can give a sensible

estimation. As we increase the sample size, the estimation becomes very good.

2.5 Real data example

We compare AFA and PCA methods using a macroeconomic data set obtained from Stock
and Watson (2005). The data consists of monthly data from January 1959 to December
2003. There are 132 U.S. macroeconomic time series in total, and they are categorized into
14 categories (numbers in the brackets denote the number of variables in each category):
personal income (2); consumption (1); real retail, manufacturing and trade sales (2); in-
dustrial production indices (15); employment and hours (30); housing starts and sales (10);
orders and real inventories (10); money and credit quantity aggregates (11); stock prices
(4); interest rates and spreads (17); exchange rates (5); price indices (21); average hourly
earnings (3); and miscellaneous (1).

Amongst those 14 categories, two of them have over 20 variables, five have 10 to 17
variables, another five categories have 2 to 5 variables, and the rest have only 1 variable
each. Therefore, the data has a natural grouping, and if on top of some pervasive factors,
there are some categories specific factors, then forecast may not be done well as the size of
the categories are small compared to sample size.

Effectively, we are working with g, of dimension 132, and ¢t = 1,2, .- ,526. We perform
the factor modeling on each of 36 rolling windows with length of 490 each. We applied AFA
and PCA to the data for each window. We use an autoregressive model of order 3 to forecast
the (i + 490)th value of the estimated factor series xﬁrzgo, so as to obtain a one-step ahead
forecast @ﬁr)mo = Kxi+490 for y;1490. For comparison, we calculated the forecast error for the

(7 4+ 490)th month for each method, defined by
Forecast error = p~ 2 H@(}Ago — Yita00||- (2.5.1)

Firstly, we need to estimate the number of factors. We plot the average forecast error
for different number of factors r in Figure 2.1. We estimate the total number of factors to
be around 20, and the number of more pervasive factors to be 3.

Figure 2.2 shows that the cumulative forecast errors obtained without assuming specific
data structure are roughly the same for both PCA and AFA. Since we have a natural grouping

structure, this suggests us to first estimate the three pervasive factors, and we estimated the
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Figure 2.1: red line for AFA, black line for PCA.

local factors for categories with more than 4 variables. The cumulative forecast errors for
estimation with known factor structure groupare plotted in Figure 2.3.

From the graph, we can see that the performance of AFA is better than PCA, this is
expected as when estimating the local factors, PCA is not as good as AFA as suggested by
Theorem 2.

2.6 Summary of this chapter

In this chapter, we explore the factor modeling for high-dimensional time series based on
a dimension-reduction viewpoint. we allow the dimension of time series to be as large as,
or even larger than the sample size of the time series. The estimation of the factor loading
matrix and subsequently the factors are done via an eigenanalysis on a non-negative definite
matrix constructed from autocorrelation matrix. Under the condition of PCA, We give
explicit comparison of the convergence rates between AFA with PCA. We show that AFA
possesses the advantage over PCA when dealing with small dimension time series for both one
step and two step estimations, while at large dimension, the performance is still comparable.
We also demonstrate in numerical examples and real data from macro economic data, that

our method would have a better performance when the noise level is high.
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40

30— =

20— =

Figure 2.2: cumulative forecast error for estimation without assuming a known structure,

blue line for AFA, black line for PCA

2.7 Proofs for this chapter

The idea of proofs for both theorem 1 and 2 is based on the following lemma which is

Theorem 8.1.10 of Golub and Van Loan (2013).

Lemma 1 Suppose A and A + E are n-by-n symmetric matrices and that Q@ = [Q1 Q2] is
an orthogonal matriz such that span(Q1) is an invariant subspace for A. Here Q)1 has size
n X1 and Qo has size n X (n —r). Partition the matrices Q"AQ and Q'EQ as follows:

Dy 0 Ey, El

, QEQ =
D, Ey Ey

Q'AQ =

If sep(D1, Dy) = miny, ex(p,) raer(Ds) |A1 —A2| > 0, where A\(M) denotes the set of eigenvalues
of the matriz M, and | E|| < sep(Dy, Dy)/5, then there exists a matriz P € RM"")X" with

1Pl < | Eon .

sep(D1, Ds)
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Figure 2.3: cumulative forecast error for estimation using known structure, red line for AFA,

green line for PCA.
such that the columns of @1 = (Q1 + Qo P)(I + P'P)~'/2 define an orthonormal basis for a
subspace that is invariant for A+ E.

Proof of Theorem 1. For PCA, we do eigenanalysis on
¥, =AY A'+3%,
Its corresponding sample version is

3, = n'ES )
= AS,A+AS, +3,A + 3.
Define L = A A"+ (f]y — AXY,A’), where we refer to the first term as L, and the second
term as E. It follows that
A’ D 0
B
B’ 0 0

Hence,

sep(D,0) = Auin(D)
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- )‘m1n<293)

)

Dj-
Now we need to find || Ey ||, where Fy; is defined through

By By
E21 E22

Q'EQ =

In our case,

oso- | * (3, — AX,A")(A B),
B/

So we have Fy; = B'Y,, + B'X A.
1 1
Let x; = X322, and ¢, = X2 u;, where z; and u, are vectors consist of i.i.d. random variables
with mean 0 and variance 1. Also denote € = (e, €a, - ,€,) and u = (uy, Uz, ..., Up).

Therefore,
|Eaa[| < IB'Ece || + [[B'E A + [ B'(n e’ — Z)A.
B'YX., = B'nler,
= B'¥nluXl.
This implies,
IB'Se| < [BS2] - [|Bul - (|52

Using [|Z..]| = Op(p2n~3), and ||£2]| = Op(p?), we have

IB'Se]| = Op(IB'EB|? - p; - p2n3)
Then for the last term,
1 1 11
B'(nled —T)A = B/ (Z2n w32 — B2X2)A
= B'S2(n tuu' — I)B2A.

To analyse the expression on the right hand side term by term, |[n"tuu’ — I|| = Op(pn~2),

1
IZ2]| = Op(p/?) and [|A|l = 1.
Put everything together, we have

IB'(n"le = S)A| < |B'=B|20p(pn~2)0p(p"?)
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= Op(|B'SB|zpn~2p"/?).
This leads to

1 1 1 1 1 1
|En|l = Op(|B'SB|2p? -pin~2 + |B'EB|zpn 2p"* + |[B'EZA)|

= Opllpm) i HIBEBIH ()7 + 1) + [BS.A) ).

J

Finally,
|| Ean ||
sep(D, 0)
1 _1 1,, P11
= Op((ppy)2n %nB’zEBH%«;ﬁpW +1)+ |B=A)|)/p;

J

|Apca — Al =

- op<§>%n-%nB’zeBn%<l + <§>%W> +p7 Y IB'EA)).

] j
This proves the PCA rate in Theorem 1.
Now, for AFA, define

L = ) Bk, (k)

_ A (i(Zx(k)A’ b5 () (S, (WA + zm<k>>') A’

and

=~
I
M
<
N
M
<
N

= D (AZ,(F)A + AS (k) + Ser(k)A + B (k)
A, (F)A' + AS, (k) + e (k)A' + (k).

Define £ = L — L, and from proof of Theorem 1, Lam et al. (2011), by assuming kmax =
o(p;), we have sep(D,0) =< p3.
Since B'L = 0 and noting that B’A = 0, we have

Ey = B(L-LA
— B'LA.

Then,

ko
B' Y (AS, (k)A' + AS, (k) + S (k)A' + Sc(k))
k=1
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(AZ,(F)A' + AS, (k) + S (B)A + Z (k) A
= ZO(B’EADEI(k)A’ + B (k) (A, (kA + AS, (k) + S (k)A' + . (k))A.

k=1

We can write,

AS, (KA + AS, (k) + B (k)A' + (k) = 3, (k)

From proof of Theorem 1 and 2, Lam et al. (2011), if conditions 8 and 9 are satisfied,

we have

12, (k) — 2, (k)|| = Op((pp;)2n~2)
1=, (k)] = Op;).

D=

Therefore if we assume (]%)%n_ = o(1), we have
J

|AS, (KA + AZ, (k) + S (R)A' + Sc(k)]| < [y (k) — Z,(B)]| + [, (k)|
= Op((=)

n

|3
(SIS
N

+ ;)

S
<

= Op(p))-

1

Or if we do not assume (p%)%n_i = o(1), then ||f3y(k*) - 3,k)| = Op(pn~2), then it

1

may be too restrictive for the inclusion of local factors, for instance, we need log(%) > 5

when p < n to get the same rate of Op(p;).
What is left is to find the order of [|B/S,(k)A’ + B'S. (k)|

1 1
Recall we have defined ¢, = ¥2u; and z; = 32 z;, so we have

A~

B'S.(k)A' =B

1 % / % T
— kEe U2y 200 A

—B'YS,.(k)T2AT

This implies,

~ [RPN 1
IB'E e (k)A']] < [[BEB|2 - [ S (k)| - 122 ]]

11 _1 1
= Op(|B'EB||zpzn~2p?)
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— Op(||B'SB|2 (pp;) 0" 7).
And (recall that ¥.(k) = 0),

~ 1 _ 1
IB'Sc (k)| = |B'(22(n — k) wpuy_ 22|
1 ~ 1
< [B'EBJ2 - |Za (k)] - 2]
= Op(||B'SB|2pn~2p?).

Therefore,

IB'S.,(k)A + B'E (k)| < |B'E.(k)A'|| + |B'E (k)|

1 1

53 ||R/ 1 P\1 a2
= Op((pp;)2n~2|B EEB|yz(1+(]7)2p2)),
J

Finally, we have

|A— A= )
Op(ptpin s B'SB[3(1+ (2)iph))
_ =
= Op(( ) A [BEBIA 1+ (1)3%), g

Proof of Theorem 2. For PCA, we perform eigen-analysis on

iy :n_12?:1yty£
:AsisAls + AsiswAiu + Asise
+ AT AL+ ALSLAL + AT

+3,A +SLAL + S

Now, since factors are uncorrelated with noise, and pervasive factors are uncorrelated

with local factors, we have
¥, =ASAL+AZ AL+ 3

We write L = %, = A,S,AL + A, S, A, + (5, — A,S,A, — A, T,AL).
Firstly, we need to find sep(Dy, D,,). We first do this pervasive factors, then Dj is of size

r X7
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Clearly, A, and A, contain 1+, eigenvectors of L. Let B be the orthogonal complement

of (As; A,), thatis BB =1, ,,_,,, and B'’A; = B’A,, = 0. Then

Al D, 0 0
A | L(A; A, B) = 0 D, 0|,
B’ 0 0O O
N D, 0
where A’ LA = D;. To find the order of ||A;—A,]|, we need to know sep | Ds,
0O O
D, O
S€P D87 = in(Ds) - )‘max(Dw)
0 O
:Arnin(zs) - )‘max(zw)
=P 1%%}52 P
=p.
A/
QEQ=| A, |(Z,—-ASA, —A,S,AL)(A, A, B)
B/
[ B By
Ey  Ey

In our case, @ = [Q1 @2, where we take Q1 = A, and @y = [A, Asl,
A o , , AlS A,
Ea = ( (B, - AZAL - AZ,A A, = ~
B’ B'Y, A,
1 1
Let x; = 32 2z and ¢, = X2 uy, where z; and €, are vectors with Var(xz;) = I and Var(e;) =1
1 1
and X7 and X2 are square roots of matrices X, and ., Then
AL S AL =[|us + A, + Al Ses + Al SeA |
<126 (7 22 B2 | + 1BE (0 zu) 22 A
1 1 1 1
H AL (0T uz )2 + (AL D (nT ud) B2 Al
Using the facts that pervasive factors are uncorrelated with local factors and factors are

uncorrelated with noise and |3 || = O(p”), after some algebra,

n

N[
N

1 1 1 1 1
1283, 28| + ||Eﬁ,(n_lzwz; -3, = Op(mjcleP; P )s
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B8, BE A+ [Zh 2t — B, JSEA, | = Op(maxp)
1 1 1 .
|ALSES, S|+ |ALSE (7 uz, — B)8E | = Op(p? -
1 1
A, S AL+ [|AL 22 (n tun — I)ESASH = Op(p” —i—pn*?).

This gives
IALE, ALl = Op(p2pn =2 +p7 + pn~2)

IB'S, A, =|B'E., + B'SA,|
<|B'S.||+ |B'E.A,|
=Op(|B'EB||2pn"% + |B'SB|2pipn 7 + [B'EA|)
Op(I|Zdllzpn=2 + | S|~ 2pFpn~= + || Sc])

ol _1 J o _1
2pnT2 +p2p2pn 2 +p7),

¥

(
(
=Op(p?
IB'S, Ayl =Op(pEpn=2 + p" + p'pn_2)

Therefore, if p¥ > 1,
|Ea1]| = Op(p7 + p7pn~2).

Finally,
N (| B ||
”As - ASH =
D, 0
sep | Dy,
0O 0

_Op(p" +p'pn~2)
p
=Op(p"™" +p'n"2).

The overall rate is determined by the local factor convergence speed. If we remove the

effect of pervasive factors, then we have
wiw AL+ A AL+ AS,H, + H,X H,, where H, =1 - A A’

Ey* - A
f]y* = Iflsflyﬁs, where H, =T — ;&s;&;

therefore,
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Al » 0
(A, X,AL ) (A, B) =
B’ 0 0
Hence,
sep(Dy,, 0) = Amin(Dy)
= 12}%22]9]‘-
Al ~
/ o w _ /
Q'EQ = . (X —ALXZ,AL) (A, B)
[ B B
Ly Eg

After some algebra, we have

| E5, ]| = Op(||B'E,~Ayl|)
= Op(|B'H, S, A H,A, || + |BH,IZ.H,A,|)

1

= Op(ri(p-maxp;)2n"2 + | B'S.A,|),

and finally, the two step estimation rate for PCA is

sep(Dy,, 0)
D - maxpj)%n_% + ||IB'X AL

min p;

”Aw - Aw“ = OP(

:OP(TS( )

1 1
= Op(r2p? max p? minpj’ln*% +minp; ' |B'EA,||)

The proof for AFA method is in principle the same as that of Theorem 3 in Lam and Yao
(2012), and thus omitted.

For the second part of the theorem, suppose we know the structure of the data as defined

in (2.2.3), then, for ith local factor,

B/E,A,,
_ o (IBiEAL

H:&'wz - Awi ;
sep(24), 0)

),
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where B; is the orthogonal complement of A,, , and 3% is the covariance matrix for the ith
group local factors. For ith group of local factors, we data y;,, that is the corresponding

rows of y;. Then we have

E;=%, - A,SVA,.

Therefore,

B/EA,, = BHVASAHVA, + BAVA,S" A’ HVA, + BHVASHOA,
+BHOASYAHOA, + BHOA S A AVA, + BAYA,SVHD A
+BHOSYAHDA, + BAVS) AL HOA, + BHOS HOA,,
=X,

Also we have,
&)
1%, 7| = Or(p),
a@)
1%, 1l = Op(pi),
() a) 11
||st|| = HEwSH = Op<r22pln 2)7
S () = 11
1B || = [[Besll = Op(p2n2),
0 S —1
1Bl = [Bewll = Op(pin=2),
&) i _1
IZ" = 20) = Op(pin~2).
Hence the dominating terms are ||Ig]| + || Io||, therefore,
BE;A,, = Op(pmn~ + ||BiSOAD]). (2.7.1)

Finally, if we know the local factor structure group, for ith group of local factors,

pin? + [BIEOAL,
bi

— Op(n~} + 5 IB'SOAY). (2.7.2)

1AL — AD | == Op(

w

We can use a similar argument to prove the rate for AFA. 0
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2.8 Discussion to “Large covariance estimation by thresh-

olding principal orthogonal complements”

We congratulate the authors for this insightful paper.! Here we suggest a method to address

two concerns:
1. The potential underestimation of the number of factors K;
2. The potential non-sparseness of the estimated principal orthogonal complement.

The first point is addressed by using a larger K. With pervasive factors assumed in the
paper, it is relatively easy to find such K. However, in an analysis of macroeconomic data for
example, there can be a mix of pervasive factors and many weaker ones; see [15, 12, 27|, for
a general definition of local factors. In [39], a monthly data of p = 132 U.S. macroeconomic
time series from 1959 to 2003 (n = 5261) is analyzed. Using principal component analysis
(PCA) [?], the method in [12] and a modified version called the autocovariance-based factor
modeling (AFA) (details omitted), we compute the average forecast errors of 30 monthly
forecasts using a vector autoregressive model VAR(3) on the estimated factors from these
methods with different number of factors r (Figure 2.4). While 3 pervasive factors decrease
forecast errors sharply, including more factors, up to r = 35, decrease forecast errors slower,

showing the existence of many weaker factors. Hence it is not always possible to have

» Lam, Yao and Bathia (2011)

-+ PCA

1.08

1.061

1.04F

1.02 I 1 I | I I I

Figure 2.4: Average forecast errors for different number of factors r.

!This section is the discussion paper [26] to the article [22] by Jianging Fan, Yuan Liao and Martina

Mincheva.
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“enough” factors for accurate thresholding of the principal orthogonal complement, which
can still include contribution from many local factors and is not sparse. Points 1 and 2 can
therefore be closely related, and can be addressed if we regularize the condition number of the
orthogonal complement instead of thresholding. While [7] restrict the extreme eigenvalues
with a tuning parameter to be chosen, we use the idea of [1] (properties are not investigated

enough unfortunately). We simulate 100 times from the panel regression model
v = X8 +e,8=(—0.5,0.5,0.3-0.6), (2.8.1)

with z;; being independent AR(1) processes and ¢, the standardized macroeconomic data
in [6] plus independent N(0,0.2) noise. Following Example 5 of the paper, we estimate X
using different methods and plot the sum of absolute bias for estimating 5 using generalized
least square (GLS) against the number of factors r used in Figure 2.5. Clearly regularizing

on condition number leads to stabler estimators.

T T
0.12 o .
—Condition number regularized
0.1- T
- -Least Square
0.08- T
0.06[ I
0.041 I
0,02 =imt = o i o S S s i
G L 1 L 1
5 10 15 20 25 30 35 40

Figure 2.5: Sum of absolute bias (averaged over 100 simulations) for estimating /5 using GLS
against the number of factors r used in POET (C=0.5) and the condition number regularized

estimator. Bias for least square method is constant throughout.

Parallel to section 7.2 in [22], we compare the risk of portfolios created using POET
and the method above. Again Figure 2.6 shows stabler performance of regularization on

condition number.
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Figure 2.6: Risk of portfolios created with POET (C=0.5) and condition number regularized

estimator.



Chapter 3

Nonlinear shrinkage of large

integrated covariance matrix

3.1 An overview of relevant estimation methods in the

literature

3.1.1 The problem of covariance matrix estimation

In data analysis, one of the most widely used entity is the covariance matrix. It has many
applications in different fields of studies, including principle component analysis, network
analysis, linear discriminant analysis and so on. In particular, covariance matrix plays an
important role in Markowitz’s mean-variance optimization [34], the covariance matrix of

stock returns concerns risk management. Suppose we denote Y to be the p x n data matrix

consists of n independent and identically distributed sample that we can observe,! sample
covariance matrix which is defined by
1 /
S, =-YY, (3.1.1)
n

is an often used estimator due to its simplicity.

However, when the dimensionality of the data is high, the number of parameter needs to
be estimated grows very fast. To be specific, suppose we have a p X p matrix, the number
of parameters needs to be estimated is of order p? (%p(p + 1)). When the dimensionality

p grows, the number of parameters to be estimated increases proportional to p?, but the

'Without loss of generality we assume that the mean of each row vector of Y is zero.

33
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number of observations available only grow proportional to p. In parameter estimation for
a structured covariance matrix, simulation results show that parameter estimation becomes
very poor when the number of parameters is more than four [6]. This renders the sample
covariance matrix unreliable, the coefficients in the sample covariance contain an extreme
amount of error and when the dimension is larger than the sample size, the sample covariance
matrix even becomes singular. In this case, improved estimator methods for the underlying
true covariance matrix are needed.

The most commonly used methods for covariance estimation can be categorized into two
broad classes. The first one is by imposing certain structural assumptions on the underlying
matrices, and develop certain convergence results. Additional knowledge assumed including

sparseness, a graph model or a factor model

Nonlinear shrinkage

Another class of estimator does not assume a specific structure of the underlying covariance
matrix. Since the sample covariance accumulates errors through its coefficients, and the
most extreme estimated coefficients contribute a lot of errors. The idea of shrinkage arises
to rectify the problem. In [29], Ledoit and Wolf demonstrated that the largest sample
eigenvalues are systematically biased upwards, and the smallest ones downwards. Intuitively,
we want to find a way to ‘pull” those extreme coefficients towards the center.

Stein [38] advocated the use of the class of rotation-equivariant estimator? that shrink
the eigenvalues of sample covariances and keep the eigenvectors intact.

Many methods are proposed along this line. The goal is to find an estimator that minimize

the frobenius norm of the difference between the estimator and true underlying matrix:

mDin |PDP" — X||. (3.1.2)
The solution to this optimization problem is D = diag(ds, - - - ,d,), where
d; = pi¥pi,i =1,- -, p, piistheeigenvector. (3.1.3)

However, the quantity d; is not readily available and needs to be estimated. Ledoit and

Wolf [31] propose a nonlinear shrinkage formula to do this. Whereas Lam [23] introduces

2An estimator is rotation-equivariant if and only if it has the same eigenvectors as the sample covariance
matrix so a rotation-equivariant can be written as PDP’, where matrix P consists of eigenvector of sample

covariance matrix and D is a diagonal matrix .
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the so-called Nonparametric Eigenvalue-Regularized COvariance Matrix Estimator (NER-
COME) to achieve the goal of shrinking eigenvalues by subsampling the data. Those methods

are asymptotically equivalent[23].

3.1.2 Large dimension integrated covariance matrix estimation

In financial econometrics, when it comes to high-frequency data regime, the independent
assumption of data is no longer appropriate. For instance, if one looks at intra-day high-
frequency stock returns, the variance patterns are highly time-varying and cannot be assumed
to be independent. In this case, instead of using the sample covariance matrice, one can use
the so-called Integrated Covariance matriz (ICV) which essentially can be thought as the
average over a certain time period of instantaneous covariance matrices.

The ICV matrix is difficult to estimate due to the integrated nature of the estima-
tion problem. By considering a particular class of underlying multivariate process, Zheng
and Li [43] manage to develop the so-called Time-Variation Adjusted Realized Covariance
(TVARCV) matrix. Intuitively speaking, it serves as a counterpart of the standard sample
covariance matrix in the ICV framework.

As in the standard covariance matrix estimation case, in the large dimension asymptotic
setting, the use of sample eigenvalues is not appropriate. Neither the use of population
eigenvalues is optimal due to the estimation errors in the sample eigenvector.

In fact, the eigenvalues should be shrunk nonlinearly to a set of less dispersed values.
Therefore, by applying nonlinear shrinkage method, one should expect to obtain a better
estimator for large dimension ICV estimation. Chapter 3 explicitly propose an estimator for

the ICV, reports its theoretical properties and numerical studies.

3.2 Introduction

With the easily obtainable intra-day trading data nowadays, financial market analysts and
academic researchers enjoy more accurate return or volatility matrix estimation through the
substantial increase in sample size. Yet, with respect to the integrated covariance matrix
estimation for asset returns, there are several well-known challenges using such intra-day
price data. For instance, when tick-by-tick price data is used, the contamination by market

microstructure noise [2, 4] can hugely bias the realized covariance matrix. Non-synchronous
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trading times presents another challenge when there are more than one asset to consider.

To present a further challenge, it is well-documented that with independent and identi-
cally distributed random vectors, random matrix theories imply that there are biased extreme
eigenvalues for the corresponding sample covariance matrix when the dimension of the ran-
dom vectors p has the same order as the sample size n, i.e., p/n — ¢ > 0 for some constant
¢ > 0. See for instance [7] for more details. This suggests that the realized covariance matrix,
which is essentially a sample covariance matrix when all covolatilities are constants and all
log prices have zero drift with equally-spaced observation times (see the diffusion process
for the log price defined in (3.3.1) for more details), can have biased extreme eigenvalues
under the high dimensional setting p/n — ¢ > 0. The resulting detrimental effects to risk
estimation or portfolio allocation are thoroughly demonstrated in [8] when inter-day price
data is used.

To rectify this bias problem, many researchers focused on regularized estimation of co-
variance or precision matrices with special structures. These go from banded [11] or sparse
covariance matrix [10, 13, 25, 37], sparse precision matrix [20, 35], sparse modified Cholesky
factor [36], to a spiked covariance matrix from a factor model [16, 18], or combinations of
these [19].

Recently, Ledoit and Wolf [30] proposed a nonlinear shrinkage formula for shrinking the
extreme eigenvalues in a sample covariance matrix without assuming a particular structure
of the true covariance matrix. The method is generalized in [32] for portfolio allocation
with remarkable results. However, such a nonlinear shrinkage formula is only applicable
to the independent and identically distributed random vector setting. It is not applicable
to intra-day price data since the volatility within a trading day is highly variable, so that
asset returns at different time periods, albeit independent theoretically, are not identically
distributed.

Lam [23] proves that by splitting the data into two independent portions of certain sizes,
one can achieve the same nonlinear shrinkage asymptotically without the need to evaluate
a shrinkage formula as in [30], which can be computationally expensive. At the same time,
such a data splitting approach can be generalized to adapt to different data settings. In this
chapter, we modify the method proposed in [23] to achieve nonlinear shrinkage of eigenvalues
in the realized covariance matrix using intra-day price data. We use the same assumption as
in [43] (see Assumption 3.3.1 in Section 3.3 and the details therein) to overcome the difficulty

of time-varying volatilities for all underlying stocks. Ultimately, our method produces a
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positive definite integrated covariance matrix asymptotically almost surely with shrinkage
of eigenvalues achieved nonlinearly, while local integrated covolatilities are adapted and
estimated accurately. Our method is fast since it involves only eigen-decompositions of
matrices of size p X p, which is not computationally expensive when p is of order of hundreds.
This is usually the typical order for p in the case of portfolio allocation. We also present
the maximum exposure bound and the actual risk bound for portfolio allocation using our
estimator as an input for the minimum variance portfolio. These bounds are important in
practice as seen in the real data analysis results in Section 3.5.2, when our portfolio do not
over-invest in individual assets, and the actual risk is small compared to other methods.
The rest of the chapter is organized as follows. We first present the framework for the data
together with the notations and the main assumptions to be used in Section 3.3. Our method
of estimation is detailed in Section 3.3.1, while Section 3.4 presents all related theories.
Simulation results are given in Section 3.5, with the theorem concerning the maximum
exposure bound and the actual risk bound in portfolio allocation using our method presented
in Section 3.5.1. A real data example of portfolio allocation is presented in Section 3.5.2.

All proofs are presented at the end of the chapter.

3.3 Framework and Methodology

Let X; = (Xt(l), e ,Xt(p ))T be a p-dimensional log-price process which is modeled by the
diffusion process

dX, = p,dt + ©,dW,, t € [0, 1], (3.3.1)

where p, is the drift, ©, is a p X p matrix called the (instantaneous) covolatility process, and
W, = (VVt(l), N Wt(p ))T is a p-dimensional standard Brownian motion. We want to estimate

the integrated covariance matrix
1
¥, = / 0,0, dt. (3.3.2)
0

It is well-known that the log-price process X; is contaminated by market microstructure
noise; see [42] for instance when the tick-by-tick high-frequency trading data is used to
calculate an integrated covariance estimator. In this paper, instead of using the tick-by-
tick data which has the highest observation frequency possible, we use sparsely sampled
data synchronized by refresh times [3, 9], so that the theory in our paper should be readily

applicable. Hence in the sequel, we assume that we can observe the price X; at synchronous
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time points 7,4, £ = 0,1,...,n. The realized covariance matrix is then defined as

SRV =) CAX,AX],  where AX, =X, , - X

(=1

(3.3.3)

Tn,L Tn,—1"

[21] shows that as n goes to infinity, the above estimator converges weakly to the true one
defined in (3.3.2). Hence the realized covariance matrix is one of the most frequently used
estimator for the integrated covariance matrix.

While the intra-day volatility can change hugely within a short time period, it is not
unreasonable to assume that the correlation of any two price processes stays constant within
such a period, say within a trading day. Following [43], for j = 1,...,p, write

dX9 = 19 4 o070
where ,ugj ),aﬁj ) are assumed to be cadlag over [0,1], and the Zt(j Ps are one dimensional
standard Brownian motions. Both the J,fj Vs and the Zt(j)’s are related to ®; and W, in
(3.3.1). We assume further, defining (X,Y’); to be the quadratic covariation between the

processes X and Y:
Assumption 3.3.1 The correlation matrix process of Z; = (Zt(l), - Zt(p))T, defined by

R, = ((Z(j), Z(k))t/t)

1<j,k<p’

is constant and non-zero on (0, 1] for each j, k. Furthermore, the correlation matrix process

of Xy, defined by

( Jo ooz, 20), )
VIt s - 1o pas ks

is constant on (0, 1] for each j, k.

The rest of the assumptions in this paper can be found in Section 3.4. We present this
assumption first since following Proposition 4 in [43], the log-price process X; defined in
(3.3.1) satisfying Assumption 3.3.1 is such that there exist a cadlag process (7;):co,1) and a
p X p matrix A satisfying tr(AA™) = p such that

The nonlinear shrinkage estimator described in the next section is based on this property.
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3.3.1 Nonlinear shrinkage estimator

When the dimension p is large relative to the sample size n, even for a sample covariance
matrix constructed from independent and identically distributed random vectors, its extreme
eigenvalues will be severely biased from the true ones (see chapter 5.2 of [7] for example).
While various assumptions have been made on the true integrated covariance matrix like
sparsity [41] or having a factor structure [40], in this paper we follow [30] and introduce non-
linear shrinkage for regularization, which does not need a particular structural assumption
on the true integrated covariance matrix itself.

However, since intra-day covariance can vary hugely within a short time period, the
AX,’s defined in (3.3.3) are not identically distributed, and hence we cannot directly apply
the nonlinear shrinkage formula in [30] to the realized covariance matrix in (3.3.3). Instead,
we use the data splitting idea for nonlinear shrinkage of eigenvalues in [23], and modify their
method to accommodate the intra-day volatility change base on (3.3.4), which is a condition
derived from Assumption 3.3.1 as proved in [43].

To this end, observe that by (3.3.4), the integrated covariance matrix in (3.3.2) can be
written as X, = fol v2dt - AA". [43] proposed a so-called Time-variation adjusted realized

covariance matrix, defined as

. tr(XRCV " AX,AXT
= (%, ><1>, where & = £y~ 22220 (3.3.5)
P Gr=gire g
and H . H denotes the norm of a vector. They demonstrate that flp is a good estimator for X,

by showing that tr(E;‘CV) /p is a good estimator for fol y2dt, while @ is good for ® = AA”.
Here @ plays the role of a sample covariance matrix for estimating ®. Hence if p/n—c>0,

then @ suffers from bias to the extreme eigenvalues as well.

Remark 3.3.2 An intuition of why @ is similar to a sample covariance matrix can be seen
as follows. If p, = 0 in (3.3.1) and the 7, ,’s are independent of W, (see Assumptions 3.4.1
and 3.4.2 respectively in Section 3.4), then by model (3.3.1), we can write

AX, = / " AW, & ( / " 'yfdt>1/2<l>1/225,

Tn,—1 Tn,6—1

where 2 stands for equal in distribution, and the Z,’s are independent random vectors each

with Z, ~ N(0,1,). Then

Z7®Z/p n <= Zy®Z/p '

=1 /=1
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We can actually show that Z7®Z,/p goes to 1 almost surely, leaving the above being the

sample covariance matrix constructed from the Z,’s sandwiched by ®'/2,

Following [23], since the AX,’s are independent following model (3.3.1), we split the
data AX = (AXy,...,AX,) into two independent parts, say AX = (AX! AX?), with
AX"® having size p x n; for i = 1,2, such that n = n; + ny. Define

o, = P AXAXY (3.3.6)
m 1aX ]

where I; = {¢ : AX, € AX'}. Carrying out an eigen-analysis on ®; defined in (3.3.6) above,

suppose :I;l = P,D,P7. Then we introduce our estimator as

¥, = ——®, where ® := P,diag(P;®,P,)P7], (3.3.7)

p
with diag(-) setting all non-diagonal elements of a matrix to 0. The estimator ® above
belongs to a class of rotation equivariant estimator ®(D) = P;DPT, where D is a diagonal

matrix, and P; is the matrix containing all the eigenvectors of ®,. The choice of D =

diag(PfgI;zPl) comes from solving
min ||PyDP] — @,

where ||A| » = tr'/2(AA") is the Frobenius norm of a matrix. Similar to [23], regularization
of the eigenvalues in D = diag(P{&;QPl) comes from the independence between P; and :ISQ,

since AX! is independent of AX?2.

3.4 Asymptotic Theory and Practical Implementation

We introduce two more assumptions needed for our results to hold. Assumption 3.3.1 is

presented in Section 3.3.

Assumption 3.4.1 The drift in (3.3.1) satisfies p, = 0 for ¢ € [0,1]. All eigenvalues of
0,0, are bounded uniformly from 0 and infinity in ¢ € [0, 1].

Assumption 3.4.2 The observation times 7, ,’s are independent of the log-price X;, and

there exists a constant C' > 0 such that for all positive integer n,

max 17, — Tne—1) < C.
1<t<n ’
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We set pu, = 0 in Assumption 3.4.1 for the ease of proofs and presentation. If p, is slowly
varying locally, the results to be presented are still valid at the expense of longer and more
complex proofs. The uniform bounds on the eigenvalues of ©;0; are needed so that indi-

vidual volatility process for each X” are bounded uniformly. Also, fol y2dt > 0 uniformly,

and finally, { EPH = O(1) uniformly as a result, which are all needed for our results to hold.
These assumptions essentially treat 7, as non-random. Extension to 7, being stochastic can
follow the lines of [43], but we keep it non-random for the ease of presentation and proofs as

well.

Lemma 2 Let Assumptions 3.3.1, 8.4.1 and 3.4.2 hold for the log-price process X; in
(3.3.1). Then for the estimator d in (3.8.7), writing Py = (p11,...,P1p), if p/n — ¢ >0

and Y, <, pny° < 00, we have

T‘i T T‘¢ i| a.s
max ph 2p1 plz pl _> O,
Isisp P1; PP

a.s.
where — represents almost sure convergence.

Since the eigenvalues of @ are the pfizl;gph-’s, the above Lemma shows that they are regu-
larized to pJ,®p1; asymptotically almost surely, which has values bounded by A, (®) and
Amax(®), the minimum and maximum eigenvalues of ® respectively. Assumption 3.4.1 en-
sures that these eigenvalues are uniformly bounded away from 0 and infinity, and hence P
is asymptotically almost surely positive definite. This is true even when the constant ¢ > 1,
i.e., when p is larger than n as they grow together to infinity.

With this result, we can present the following theorem.

Theorem 3 Let all the assumptions in Lemma 2 hold. Then as p,n — 0o such that p/n —

c>0, f]p defined in (3.53.7) is almost surely positive definite.

This is an important result since X, is always assumed to be positive definite, and we
want our estimator to be so too. This is certainly not the case for a sample covariance matrix
when p > n, and is still not the case for 3, defined in (3.3.5) by [43], which is demonstrated

in our simulation results in Section 3.5.

Remark 3.4.3 Both Lemma 2 and Theorem 3 requires »_, -, pny ® < co. Following [23],
we set ny = an'/? where a is a constant, so that when p/n — ¢ > 0, the condition is satisfied.

See Section 3.4.1 for more details on how to find ny with finite sample.
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To present the rest of the results, we introduce a benchmark estimator for comparisons

to our estimator. This estimator is called the ideal estimator, defined by
1
Sideal = / v2dt - Pdiag(P"®P)P".
0

This is similar to the proposed estimator defined in (3.3.7), except that the estimator
tr(Z?OV) /p is replaced by the population counterpart f01 y2dt, while ®, is replaced by the
population counterpart ®. Also, P; is replaced by P, which is the matrix containing all
orthonormal eigenvectors for the covariance-type matrix ® defined in (3.3.5) using all data
points. This is in line with the ideal estimator defined in [30] and [23] which utilizes all
data points for calculating the eigenmatrix P, and assumes the knowledge of ® and fol V2dt.

With this, we define the efficiency loss of any estimator Y as

< L(Z), Stden
EL(E,,$) = 1 — 2 Didea)
L(%), %)

where L(3,, f)) is a loss function for estimating X, by 3. We consider the Frobenius loss
S S 2
L(%,.%) = |2 -5, (3.4.1)

and the inverse Stein’s loss function in this paper,

~ ~—1 ol

L(3,,Y) =tr(X,X )—logdet(X,X )—p. (3.4.2)
The class of rotation-equivariant estimator 3(D) = PDP™ minimizes the Frobenius norm
exactly at Xjgea, while similar to Proposition 2 in [23], ¥igea also minimizes the inverse
Stein’s loss within such a class of estimator. Hence it is intuitive that our estimator flp will
be relatively less efficient in the sense that EL(X,, f]p) > (. It turns out that asymptotically,

3, is doing as good as Xigea;, as shown in the Theorem 4 below. To present this theorem,

we need to make two more assumptions:

Assumption 3.4.4 Let v,; > --- > v,, be the p eigenvalues of ®. Define H,(v) =
p Y P, 14y, <0y the empirical distribution function of the population eigenvalues. We

assume H,(v) converges to some non-random limit H at every point of continuity of H.

Assumption 3.4.5 The support of H defined above is the union of a finite number of
compact intervals bounded away from zero and infinity. Also, there exists a compact interval

in (0, 4+00) that contains the support of H,, for each n.
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These two assumptions are essentially Assumptions (A3) and (A4) in [23] applied on ®.

Theorem 4 Let all the assumptions in Lemma 2 hold, together with Assumption 3.4.4 and
3.4.5. Then as p,n — oo such that p/n — ¢ > 0, we have EL(X,, flp) < 0 almost surely with
respect to both the Frobenius and the inverse Stein’s loss functions, as long as p™ ' L(Z,, X 14ea1)

does not tend to 0 almost surely.

The requirement p~'L(X,, X1gea1) not going to 0 almost surely eliminates the case X, =
) A2dt - I, when both the loss functions will attain 0 for the the ideal estimator. Our
estimator will still do a good job in such a case since tr(E;{CV) /p will still be a good estimator
for fol y2dt by the proof of Theorem 3, while @ can still do a fine job when permutation
of the data is allowed as demonstrated in the simulation results in [23]. Improvement by

averaging and permutation will be described in Section 3.4.1.

3.4.1 Practical Implementation

Following Assumption 3.3.1, AX,AX]/ HAXKHQ is independent of +; and is similar to a data

point in constructing a sample covariance matrix, which is independent of each others for

different /; see Remark 3.3.2 in Section 3.3.1. This observation permits us to permute the

data beforehand, say at the jth permutation, we form a data matrix AX V) = (Ang), AXéj)),

with AXEj ) having size p x n; for ¢ = 1,2, such that n = ny + ny. Then we construct
9 _ P AXAXY

AX|

ieelf” |
where IV = {£: AX, € AXP}, and perform eigen-analysis on :135]), say &V)ij) = pYDYPYT
The we can form the jth estimator as
~(j tr(ZRCYY) ~(j
Ez()]) = M‘I)(j), where ‘I>(j
P

If we perform M permutations and get M estimators as above, we can define the averaged

"= PO diag(PV Y P PO, (3.4.4)

estimator as
o 1 < 6)
Sp =0 Y5, (3.4.5)
j=1

Note that in all M estimators, we are only using one split location, n, for the data, instead
of using several of them and then average the results similar to the grand average estimator
in [1]. To find the best split location empirically, we minimize the following function:

2

=) =) ’ (3.4.6)

g(m) = |+ ﬁ(@p -8
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where <I>;J) is defined in (3.4.3) and 3" in (3.4.4). A very similar function is also used to
determine the split location for nonlinear shrinkage of a covariance matrix in [23].
We now show that the averaged estimator defined in (3.4.5) also enjoys good asymptotic

efficiency.

Theorem 5 Let all the assumptions in Lemma 2 hold, together with Assumption 3.4.4 and
3.4.5. Suppose the number of permutations M 1is finite in (3.4.5). Then as p,n — oo such
thatp/n — ¢ > 0, we have EL(X,, ip,M) < 0 almost surely with respect to both the Frobenius
and the inverse Stein’s loss functions, as long as p~*L(3%,, i\][deal) does not tend to 0 almost

surely.

In practice, the estimator f]p, M, with a good choice of m, performs much better than using
just M = 1. We use M = 50 which provides a good trade-off between computational
complexity and estimation accuracy with respect to the Frobenius or the inverse Stein’s loss

functions. For minimizing g(m) defined in (3.4.6), we search the following split locations:
m = [2n'/%,0.2n,0.4n,0.6n,0.8n,n — 2.5n2 n — 1.5n*/2].

Except for the case X, = fol v2dtl, which needs n to be as small as possible (see the
arguments provided in [23]), the two split locations [n — 2.5n'/?] and [n — 1.5n'/2] are those
satisfying the condition ), pny ® < oo needed in all theorems presented when p/n — ¢ >

0. We include 0.2n to 0.8n for accommodating finite sample performance.

3.5 Empirical Results

We carry out simulation studies to compare the performances of our estimator in (3.3.7),
the time variation-adjusted realized covariance matrix in (3.3.5) and the realized covariance
matrix in (3.3.3) by comparing their Frobenius and inverse Stein’s losses defined in (3.4.1)
and (3.4.2) respectively. Then in Section 3.5.1, we consider a trading exercise using simu-
lated market data and compare the risks associated with the minimum variance portfolios
constructed using these three different estimators. Finally, in Section 3.5.2, we consider real
data from the New York Stock Exchange.

Consider two different scenarios for the diffusion process {X;} defined in (3.3.1), with
@, = 0 and ©; = A as in (3.3.4). One has 7; being piecewise constant, the other has 7,

being continuous, detailed as follows:
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Design I: Piecewise constants. We take -, to be
v/0.0007, t€[0,1/4)U[3/4,1],
v/0.0001, te[1/4,3/4).

Design II: Continuous path. We take 7, to be

Ve =

v = 1/0.0009 4 0.0008 cos(2rt), t € [0,1].

We assume A = I, and the observation times are taken to be equidistant, where 7,,, =
C/n, 0 =1,...,n. We generate {X;} using model (3.3.1) and get n = 200 discrete observa-
tions, and consider p = 100, 200. For each design and each (n, p) combination, we repeat 1000
times the simulations, and compare the mean Frobenius and inverse Stein’s losses for our
proposed estimator, the time variation-adjusted realized covariance matrix and the realized
covariance matrix.

Table 3.1 presents the simulation results. It is clear that overall, our proposed estimator
performs the best. In particular, since the realized covariance or the time variation-adjusted
realized covariance matrices are singular when p = 200, their inverses do not exist. In
contrast, our proposed estimator is always non-singular and stable even in this case, which

is in line with Theorem 3.

3.5.1 A market trading exercise

As an application in finance, we simulate market trading data in this section and construct
minimum variance portfolio using the three different estimators compared in the previous
section. Given an integrated covariance matrix X,, the minimum variance portfolio solves
MiNy.y11,-1 W' 2,W, Where 1, is a vector of p ones. The solution to the above is given by
-1
1,

Wopt 14 °
T -
s 1,

(3.5.1)

Before presenting our simulation settings, we present a theorem concerning the minimum
variance portfolio (3.5.1) constructed using our integrated covariance matrix estimator ip, M-
In the sequel, we denote H . Hmax the maximum absolute value of a vector, and define the

condition number of a positive semi-definite matrix A to be Cond(A) = Apax(A)/ Amin(A).

Theorem 6 Let all the assumptions in Lemma 2 hold. Suppose the number of permutations

M is finite in (3.4.5). Then as p,n — oo such that p/n — ¢ > 0, almost surely,

p1/2||v?ropt|{mx < Cond(®), pR(Wopt) < Cond?(®)Amax (),
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Design I

Proposed Time variation-adjusted Realized covariance

Frobenius loss

P = 100 13(02) 28(04) 36(06)

p = 200 .55(.17) 69(31) 1564(63)
Inverse Stein’s loss

p = 100 .17(,014) 5.63(.058) 708(08)

p = 200 88(15) - -

Design II | Proposed Time variation-adjusted Realized covariance

Frobenius loss

P = 200 38(03) 13(10) 15(20)
Inverse Stein’s loss

P = 100 .54(.1) 693(31) 1232(53.8)

P = 200 88(16) - -

Table 3.1: Mean and standard deviation (in bracket) of losses for different methods. All

values reported in this table are multiplied by 1000. Upper table: results for Design I. Lower

table: results for Design II. For p = 200, the time variation-adjusted and realized covariance

matrices are always singular, and hence inverse Stein’s loss are at infinity.
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where Wopy 15 the weight in (3.5.1) with X, substituted by ipM defined in (3.4.5). The

function R(Wopt) = Wo .2, Wopt Tepresents the actual risk when investing using Wope as the

opt

portfolio weights.

This theorem shows that the maximum absolute weight, we name it the maximum exposure

~1/2 while the actual risk is decaying at a rate p~!

of the portfolio, is decaying at a rate p
It is an important quality of our estimator when applied to portfolio allocation, since we
do not want to over-invest into a single asset when there are many other assets for risk
diversification. Such over-investment can result in huge loss if the involved asset suddenly
drops in price due to random events over the investment period. At the same time, the actual
risk of the portfolio is decaying linearly as we have more and more assets for diversification.
We demonstrate the results in Theorem 6 in Table 3.2 and Section 3.5.2.

For simulating the price data, following [9] and [17], we simulate p = 100 stock prices for
200 days using X" @) = X, @ 4 e Where X @ is the underlying log-price, and e§ ) models the
market microstructure noise, with et ~ N(0,0.0005%) and are assumed to be independent
of each other. The underlying log-price Xt(i)
For¢=1,...,100,

is generated by the stochastic volatility model.

dX) = pOdt + pVoMdBY + /1 — (p@)20,"dW, + vVdZ,,

where {W;}, {Z;} and the {Bt(i)}’s are all independent standard Brownian motions. The
process {Z;} plays the role of a pervasive factor, which is usually the market factor in asset
returns. The spot volatility a,gi) = exp(gt ) follows the independent Ornstein-Uhlenbeck

process

do = oV (B — oi")dt + 8 dU?,

where the {U; (i)}’s are independent standard Brownian motions. We use (1, 50 , 1 , al® pl)y =
(0.0321”, =2, 07528, =1/402\", —0.7) and v = exp(B”), where the x§)’s are indepen-
dent and uniformly distributed on the interval [0.7,1.3]. The initial value of each log-price
is set at Xéi) = 1 and the starting spot volatility Q(()i) = 0.

We simulate the trading times independently from the price data assuming the trans-
action times for each stock follow independent Poisson processes with rates Aq,---, Aigo
respectively, where \; = 0.012 x 23400. We set this because a normal trading time for one
day is 23400 seconds.

After simulating the data, we split a trading day into 15-minute intervals and set the

price data for each stock at the end of each interval as the price observed at the trade right
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Theoretical risk 735

Proposed Time variation-adjusted Realized covariance

Actual risk .922 3.918 4.115
Perceived risk 753 3.869 4.034

Table 3.2: Mean of theoretical risk R(Wqpt), actual risk R(Wopt) and perceived risk Ifz(vAvOpt).

before the end of the interval. The data is used to calculate various integrated covariance
estimators, including our proposed one.

At the start, we invest 1 unit of capital using the minimum variance allocations (3.5.1)
constructed from using different estimators of the integrated covariance matrix. Each time
we use a 60-day training window (so the first trade starts on day 61, and the last one on day
200) and we re-evaluate our portfolio weights every 5 days, using the past 60 days of data
as a training set until we reach day 195.

In Table 3.2, we report the mean of three risks. The first one is the theoretical risk
R(Wopt) = W, 3, Wopt, Where wop is calculated as in (3.5.1) using the true integrated
covariance matrix of the underlying log-return over the past 60-day training period and X,
is the true integrated covariance matrix over the 5-day investment period. The second one
is the actual risk R(Wop) = Wi 3, Wopg, where Wop, is calculated using different integrated
covariance matrix estimators. Finally the perceived risk is defined by E(ﬁ\vopt) = v?fgptf)pv?fopt.

We can see from Table 3.2 that our method has the best performance among all three
different methods, and has the risk closest to the theoretical one. In particular, our method
has the smallest actual risk, which is the most relevant risk in practice. Such a small actual

risk for our method is also consistent with the actual risk bound in Theorem 6, when the

number of assets is p = 100 which is relatively large.

3.5.2 Portfolio allocation on NYSE data

We consider p = 45 stocks from the New York Stock Exchange from January 1 of 2013 to
December 31 of 2013 (245 trading days). We choose the stocks from mid-cap energy sector
stocks. We downloaded all the trades of these stocks from Wharton Research Data Ser-
vices (WRDS, https://wrds-web.wharton.upenn.edu/). The raw data are of high-frequency

nature. As mentioned before, the stocks have non-synchronous trading times and all the
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log-prices are contaminated by market microstructure noise.

Like the market trading exercise in Section 3.5.1, we consider trades in 15-minute intervals
on every trading day from 9:30 to 16:00, with each log-price being the observed one from
a trade right before a 15-minute interval ends. This results in a total of 6732 observations
over the 245 trading days. Hence on average there are around 27 observations per day.

We consider two settings. For the first one, we consider 20-day training windows and
re-evaluate portfolio weights every 5 days. Another setting use 5-day training windows
and re-evaluate portfolio weights everyday. We use the annualized out-of-sample standard
deviation &, together with the annualized portfolio return iz and the Sharpe ratio 1/ to
gauge the performance of each method. For 20-day training windows and 5 day re-evaluation
period, iz and o are defined by

49

1 1/2
=52 x —Zw r;, 0= (52 X EZ(wfri—ﬂ)Q) :

We use the annualized out-of-sample standard deviation since we do not know the true
underlying integrated covariance matrix, and hence the actual risk cannot be calculated.

For 5-day training windows with daily re-evaluation of portfolio weights, 1z and & are defined

by

245 T 12
fi = 252 x %Zw r, G = (252 x %;(wgri _ ﬁ)z) .

On top of all the above, we also report the mean maximum exposure ||V/Cfopt||max over all

investment periods for the portfolios constructed under different methods.

Table 3.3 shows the results. For both settings, we see that the annualized out-of-sample
standard deviation is the smallest for our method. The difference between different methods
for the setting with 20-day training windows is less pronounced. This is because for a 20-day
window, we have on average 27 x 20 = 540 data points for calculating different integrated
covariance estimators. The time variation-adjusted and realized covariance matrices will
not be too much disadvantaged since the bias problem from having high dimension is not
too serious as we have p/n = 45/540 = 0.083. On the other hand, the second setting has
on average 27 x 5 = 135 data points and so p/n = 45/135 = 0.33, so that the bias from
having high dimension for the two estimators is much more serious than the first case. Our
estimator has clearly done a good job in minimizing the risk in both situations. It would
seem that we can solve the problem simply by using a longer training window. However,

the problem of using a longer training window is that the true integrated covariance matrix
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20-day training window | Proposed Time variation Realized
Re-evaluate every 5 days (%) adjusted(%) covariance(%)
Annualized return 5.50 5.87 10.59
Annualized out-of-sample SD 11.07 11.16 12.67
Sharpe ratio 49.66 52.62 83.59
Mean maximum exposure | 15.19326) 19.824.74) 28.86(11.05)
b-day training window | Proposed Time variation Realized
Re-evaluate everyday (%) adjusted(%) covariance(%)
Annualized return 7.40 8.25 7.39
Annualized out-of-sample SD 10.78 11.66 13.89
Sharpe ratio 68.69 73.92 53.19
Mean maximum exposure | 11.47 19) 24.06(7.11) 31.2718.76)

Table 3.3: Percentage annualized return, out-of-sample standard deviation, Sharpe ratio

and mean maximum exposure (standard deviation in bracket) for different methods. Upper

table: Use 20-day training windows and re-evaluate portfolio weights every 5 days. Lower

table: Use 5-day training windows and re-evaluate portfolio weights everyday.
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from the training period will likely to be different from the investment period ahead if such
a window is too long.

Observe also the mean maximum exposure for our method is always smaller than other
methods, with smaller standard deviations. For the case of 5-day training window, the
differences in maximum exposure among the three different methods are huge, with our
method having this at 11.5% which is reasonable, and compatible with the results in Theorem
6. At around 25% or even 30% for the other two methods, there is a much bigger risk of

suffering a loss due to random events from the heavily invested individual assets.

3.6 Summary of this chapter

In this chapter, we first review the relevant estmiation methods in the literature, and then in-
troduce a novel nonlinear shrinkage estimator for the integrated volatility matrix. The prop-
erties of our estimation methods including that the estimator shrinks the extreme eigenvalues
of a realized covariance matrix back to acceptable level, and enjoys a certain asymptotic ef-
ficiency at the same time, all at a high dimensional setting where the number of assets can
have the same order as the number of data points. By using some numerical examples and
real data from NYSE trading data, we demostrated that our estimator has a favorable per-
formance compared to a time-variation adjusted realized covariance estimator and the usual
realized covariance matrix. This includes a novel maximum exposure bound and an actual

risk bound when our estimator is used in constructing the minimum variance portfolio.

3.7 Proofs for this chapter

Proof of Lemma 2. Using Remark 3.3.2, we can write

Tt 1/2
AXF(/ %th) 3127,

Tn,4—1

where the Z,’s are independent of each other and each Z, is a p dimensional vector with
independent standard normal entries. Then we can decompose

I)?Z"I)Pu - PE‘I’PU
pi‘q)pli

=11 + 1o,

where

. pP1;®2p1i — ny ! ZzeIQ(PTi‘I)mZEV j ny ! Zzeb(PE‘I’l/ZzeV — P1; PP

Iy = , L=
Pfiq’Pu pifiq’Pli
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First of all, since we can write
ny' Z(pficl)lﬂzé)? =Py, (nz_l Z ‘I’l/QZZZ}(I’l/Q)pm
Lels Lels

with ny? Zﬁelz <I>1/2ZgZ}<I>1/2 a proper sample covariance matrix for estimating ®, we can

use Lemma 1 of [23] to conclude that

max u—z?‘ a;s). 0.
1<i<p

Hence it remains to show that max;<;<, |I;;| “3 0. To this end, consider

- (1, ®'/227)? - 1/2 1/2
ny' Zeeh p%}q:ze/;; — P (n2 ' Zeeh oY 7/2,® / )pli

max |[;;| = max

1<i<p 1<i<p P PP
1 1 1/2 1/2
L ZZG]Q (Z—;Fq)ze/p - 1)13%‘1’ / 7,2, / Pi:
= max '
I=r=p P, ®pu;
1 a.s.
< max ——1‘~ 1+ max |I;p]) = 0,
T teh | Zy®Z,/p ( 1Si§p| 2l)
if we can show further that maxer, | zrg5—- (plzé 7 = 11 %% 0.
£

To show this, using Lemma 2.7 of [8], we have
E(Z;®Z; — t1(®))° < Kg(E?| 21 [0 (®2) + E|zg,|2tr(®°)),

where Ky is a constant independent of ¢, n and p. This implies that, since tr(®) = p,

VAX Y/ 6 tr3 (P2 tr(P°
22 ) < ny- K (E3|zé,1|4L6) + E\ze,1|12L6)>
P P 2

E(max

lels

= O(ngp™?).

The rate in the last line comes from Assumption 3.4.1 that @;0; = +?® has all its eigenval-
ues uniformly bounded away from 0 and infinity, so that tr®(®?) = O(p®) and tr(®°) = O(p),
and the fact that the higher order moments of the z,;’s are all finite since they are all nor-
mally distributed.

Finally, since ny = O(n'/?) and p has the same order as n, we have O(nyp~®) =

O(n=/?). Since } -, n~"? < oo, through the Borel-Cantelli lemma, we have proved that
Z7 7, 1

“% 0, meaning that maxe, — 1‘ 230 as well. This completes

1
maXyer, Z}‘f’ze/P

the proof of the lemma. [J

Proof of Theorem 3. Firstly, by Lemma 2, ® defined in (3.3.7) is almost surely positive

definite since all its eigenvalues are almost surely p{,®p;; for some i as n,p — oo such
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that p/n — ¢ > 0, and Assumption 3.3.1 ensures that these values are uniformly bounded
away from 0 and infinity. Hence, the proof of the theorem is complete if we can show that
tr(E;}CV) /p > 0 uniformly almost surely.

To this end, consider

tr(ZRCV 1 " AXTAX 1
() )—/ %th‘ _ |l AXIAX, —/ 'ytzdt‘
p 0 p 0

‘ZL Jort vidt - 2y Ly /1 , '
’ — vy dt
0

p
1
/ VEdt.
0

VAL VA
2% 0 in the last part of the proof of Lemma 2, we can

< max 1

— 1<t<n

p

AR I

From the proof of maxycy, -1

replace nsy there by n and conclude that

YA Y/ 6 tr3 (P2 tr(P°
¢ ¢ _1‘ ) Sn'Kﬁ<E3‘Zg,1|4 r (6 ) +E|Zg’1’12 r(ﬁ ))
p p 2

E< max

1<¢<n

= O(np™?) =0(n™?).

Z7 27,

— 1| “3 0. This shows that

Since )., n"? < oo, we have proved that max;<s<p

tr(E;‘CV) /p &3 fol y2dt, which is uniformly larger than 0 by Assumption 3.3.1. This com-
pletes the proof of the theorem. []

To prove Theorem 4, we first present the following lemma and its proof.

Lemma 3.7.1 Let all the assumptions in Lemma 2 hold, together with Assumption 3.4.4 and
3.4.5. Denote by vgl) > 2> ’ul()l) the eigenvalues of ®, defined in (3.5.6) with corresponding
etgenvectors pii, - .., Pip, and vy > --- > v, the eigenvalues of & defined in (3.8.5) with
corresponding eigenvectors pu, . ..,Ppp. Then there exist positive functions 61(-) = 6(-) 3

and distribution functions Fy = F such that

P
p ! 1{IZU§1)} B r(x), pt Z Lo} = F(z),
=1 =1

3The explicit form of the functions 6;(-) and &(-) are given here, since they are not important for the

A . )
T—c—campr (N2 if A>0;

proof of any subsequent theorems. For any A € R, §(\) = m if A=0and c>1;
0, otherwise.
A : )
Ta—enmm e EA> 0
A =¢ —L if \=0and ¢ > 1;

(c1—=1)mp, (0)

0, otherwise.
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P th@pu ooy / 51 (NdFi(N), p Zplépzl{mw / S(NAF(N).

Jj=1 Jj=1

Proof of Lemma 3.7.1. Write AX, = (fT”’Z 'yfdt) I/QQI/QZE as in Remark 3.3.2. Define

Tn,t—1
fori=1,2,

Do =1 Y PPLZLIBY, D =) DVZZ]R,

tel; =1
which are all proper sample covariance matrices. Let vﬁim > > v,(,fgam be the eigenvalues
of &V)i,sam with corresponding eigenvectors p;i sam, - - - s Pipsam- Also, let v1 gam > -+ - Upgam be
the eigenvalues of &, with corresponding eigenvectors pisam; - - -, Ppsam- SUPPOSe we are

able to show the following. For any z € C*,

P (@1 0am — 2L,) 1) — p (@) — 2L,)7Y) ¥ 0,
“ir <i>sam —2I)7 Y — _1tr —zL) 1) % -0,

p (( ») ) p ( ») ) (3.7.1)
1tr((<I>1 sam — 21,) @) — p_ltr(( 1 —2L,) 7' @) %0,
piltr((ésm — zIp)A(I)) — 1tr( —zL,) 1<I>) 220.

The above can in fact be written as differences of Stieltjes transforms of certain nondecreasing
functions. The differences in their inverse Stieltjes transforms must then converge to 0 almost

surely as well, i.e., at the point of continuity = of these nondecreasing functions,

-1 -1
p Zl{z>v(l)} p Zl{py“)}

J,sam

pil Z ]-{mzvj,sam} - pil Z ]-{xzfuj} a%s. 0
= =

p (3.7.2)
p*1 Z plj sam(I)plj sam {I>U§15)am pfl Z p?j‘I’pul{sz;l)} ‘Ef 07
Jj=1 e
& p
P P eam®Pisam Lm0y ) — 7 ) Py PP Lz 0.
j=1 oy

Interested readers are referred to [23] or [28] for the definitions of Stieltjes transform and its
inversion. Theorem 4 of [28] indicates that for all z € R, there exist functions ¢;(-) and 6(+)

with corresponding distribution functions F; and F' such that

p—lzlp\> ) —sfFl()\),

=" sam

pil Z 1{)\2Uj,sam} (B) F()\>7
7j=1
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J,sam

j=1

p T
pil Z pfj,sam(ﬁplj,saml{xzv(l) } (Ef / 61()\)dF<)\),

—0o0

p
p_l Z p},sam@pj,saml{xZijsam} (g 5<)\)dF()\>
=1

At the same time, since p/n; and p/n both go to ¢ > 0, Theorem 4.1 of [7] tells us that
the two limits F} and F are equal, and since 0;(-) and §(-) depend on F; and F respectively
(both depend on the same ¢ also; see equation (2.7) and (2.9) in [23] for more details), we
must have 0;(-) = d(-) also.

With the above, (3.7.2) immediately implies the results we need. Hence it remains to
show (3.7.1).

To prove the first and third results of (3.7.1), consider for k£ =0, 1,

p (@) — 21,) %) = pHr (T, — (B1sam — 2L,) (1 am — ©1)) 1@y gam — 21,) L BF)
= p_ltr((&;lﬁsam —21,)7'®") + R, with

R = Zpiltr([(;f’mam — 2L) (D1 s — B1) (@1 o — oL) 71BN,

j>1

where R comes from a Neumann series expansion. Such an expansion is valid since

ri= ||($1,sam - ZIp)il(&;l,sam - (il)H S “(‘il,sam - ZIp>71H : H‘il,sam - 51“

1 1 -
< o |z 1Bl
<M. —_1anIZZZTH
= [tm(z)| ‘ten |ZT®Z,/p 1 2 Z,

H(I)1/2H2(1—|—\/E)2 ] N
: |Im(z)] ern ZT®Z,Jp 1| =0,

where we used Lemma S.2 of [24] to conclude H(‘i;l,sam — 2I,)7!|| < 1/Im(z)|, and we used

Theorem 5.11 of [7] to conclude that |ny* >oven ZeZ7|| < (14 1/c)? almost surely, since

p/n, like p/n, goes to ¢ > 0 also. Finally, the term maxyey, ‘m — 1‘ 220 by the last
4
part of the proof of Lemma 2. With this,
Nkl (& B -1 TH(I)kH a.s.
IR <> r7[|[ @] - [[(®rsam — 2L,) | < O] 0,

i>1
so that we have proved the first and third results in (3.7.1). For the other two results, the

proof follows exactly the same lines as before after replacing ;Iv>1,sam by ®.m and P, by ®.

This completes the proof of the lemma. [J
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Proof of Theorem 4. Define § = [\ y2dt, 6 = tr(EFV) /p and ®14ea = Pdiag(P*®P)P".

We can easily see that

R p71/2||(§_8>(f,u p71/2||§,_q,H )—2
EL(Z, %) <1- — + 4 , 3.7.3
(%), %) < <p‘1/29H<I>1dea1 Y RRTE F S—— Y (3.7.3)

where p‘l/QH(g— 9)&>HF < |0 — 8] max;<;<, pPopy; £3 0 by Lemma 2 and the proof of
Theorem 3. Since we are equivalently assuming that p‘l/ 2||21dea1 — <I>|| » is not going to 0,
it remains to show that the rightmost term above is going to 1. To this end, observe that

p@ @l p 'Y (pl®pu — pL@pu)? | Pt Prdiag(PIOP)PT — &,
p7Y|@rea — @[5, p7!||Pdiag(PT@®P)PT — ®||7.  p~!||Pdiag(PT®@P)PT — &

By Assumptions 3.4.4 and 3.4.5, and the results of Lemma 3.7.1, we have

p

pY||P1diag(P;®P,)P] — |2 = p~ltx(®%) —p ! Z(pfﬁbpu)Q

L / T dH (T / HONIT0)
_ / SdH(7) — / B2\ dFs(),
which is non-zero if ® # I,,. This is also the almost sure limit of p~* ||‘I’Idea1 — ‘I>Hi, and hence

the rightmost term in (3.7.3) is indeed going to 1 if we can also show that p~* >0 | (pT,®op1;—
pl,®py;)? “3 0. By Lemma 2,

"= T ®ypy; — pLP
-1 T T N2 < P1;®2P1: P1;®P1i
p 2(1)1,@21)12 phq)plz) = 1121%}; p,{zq)ph 11T<1Z21<X ph@ph —> 0.
This completes the proof for the Frobenius loss.
For the inverse Stein’s loss, by Lemma 3.7.1, we have
P L(E,, Bdeal) = Zlog T®p;) — Zlog Uni)

°3 / log(5(\)dF(A) / log()dH (7),
where v,,; is the ith largest eigenvalue of ®. Now consider the decomposition

p LS, 8,) =L + I+ Is+ I, + I5, where
I, = log(8/6).

0 U T dpy;
L= (G- Y (Biom),
0 1 pliq)Qpli

1=
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p T.¢ .
i ph‘q)Qplz’

®py;
Ii=p Zlog<p“ P1)

=1 plz@Qpll
15 p Z log plzéplz Z log Un K
=1

We can prove easily that Iy, Is, I3 and I, are all almost surely 0 by the proof of Theorem 3,

and the result of Lemma 2. By Lemma S.3.7.1, we can show that

I &% / log(5(\))dF(\) — / log(7)dH (7).

so that p~'L(%,, Sigea)/p  L(Z,, £,) “3 1, showing EL(E,, £,) 3 0. This completes the
proof of the theorem. [

Proof of Theorem 5. For the Frobenius loss,

12500 = Bpllf = Il Z )5 < ZHE - 3,F)*

1 o= o)
< M ”Ep -3 HF?
i=1
so that
~ S deal — |12 1
EL(Sp, Xpu) <1 -+ H MId : (i) olr ;= 15w 1
Mzz’=1 ”Ep _EP“F Mzi 1 EL(E,,E(")
20,

since EL(%,, iz(oi)) “% 0 by Theorem 4.

For the inverse Stein’s loss, we can follow exactly the same lines as in the proof of Theorem

6 in [23] to prove the result. O

Proof of Theorem 6. We have

-l e A
it <P HE L s
opt|[ e = 1 = =1 = ~—1
11321) 110 15(1) 1p p)\min( )
)\max(q’) < MaXi<igy PﬂiI’qu a5 MAXi<icp PL PP
Amin(®)  mini<;<, pT;Papu; min; <<, P1; PP
Amax(é)
= Cond(®
S Ron(@) - Cond(®)
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where we used the results of Lemma 2 for the almost sure convergence. For the actual risk

bound,

1S 'w s A2 (S ) A (2
& ppp p<ip P<ppmax(p>ma>(<p):()\max()

a\) 2
pR<Zp) - ~—1 — ~—1 =~ ) )‘max(zp)
(1gzp 1p)2 pz)\?nin(zp ) )\min<(p>
(maXISiSp PL; PP ) 2)\ () a3, <max1§i§p P, Ppu; ) 2)\ (,)
min; <;<p p1; PP e mini <;<, P1; PP e

< (%) Amax(2,) = Cond? () A\pax (3,).

This completes the proof of the theorem. [
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