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The variance—covariance matrix plays a central role in the inferential
theories of high-dimensional factor models in finance and economics. Pop-
ular regularization methods of directly exploiting sparsity are not directly
applicable to many financial problems. Classical methods of estimating the
covariance matrices are based on the strict factor models, assuming indepen-
dent idiosyncratic components. This assumption, however, is restrictive in
practical applications. By assuming sparse error covariance matrix, we allow
the presence of the cross-sectional correlation even after taking out common
factors, and it enables us to combine the merits of both methods. We estimate
the sparse covariance using the adaptive thresholding technique as in Cai and
Liu [J. Amer: Statist. Assoc. 106 (2011) 672-684], taking into account the fact
that direct observations of the idiosyncratic components are unavailable. The
impact of high dimensionality on the covariance matrix estimation based on
the factor structure is then studied.

1. Introduction. We consider a factor model defined as follows:

(LD yir = bif; + uiq,
where y;; is the observed datum for the ith (i = 1,..., p) asset at time ¢ =
1,...,T;b;isa K x 1 vector of factor loadings; f; is a K x 1 vector of common

factors, and u;; is the idiosyncratic error component of y;;. Classical factor anal-
ysis assumes that both p and K are fixed, while 7 is allowed to grow. However,
in the recent decades, both economic and financial applications have encountered
very large data sets which contain high-dimensional variables. For example, the
World Bank has data for about two hundred countries over forty years; in portfolio
allocation, the number of stocks can be in thousands and be larger or of the same
order of the sample size. In modeling housing prices in each zip code, the num-
ber of regions can be of order thousands, yet the sample size can be 240 months
or twenty years. The covariance matrix of order several thousands is critical for
understanding the co-movement of housing prices indices over these zip codes.
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Inferential theory of factor analysis relies on estimating ¥,, the variance—
covariance matrix of the error term, and ¥, the variance—covariance matrix of
Yr = ey - - yp,)/ . In the literature, ¥ = cov(y;) was traditionally estimated by
the sample covariance matrix of y;.

1 & _ _
Toam==—=2_ Vi =¥ ).
T 14

which was always assumed to be pointwise root-7 consistent. However, the sam-
ple covariance matrix is an inappropriate estimator in high-dimensional settings.
For example, when p is larger than T, X, becomes singular while X is always
strictly positive definite. Even if p < T, Fan, Fan and Lv (2008) showed that this
estimator has a very slow convergence rate under the Frobenius norm. Realizing
the limitation of the sample covariance estimator in high-dimensional factor mod-
els, Fan, Fan and Lv (2008) considered more refined estimation of X, by incorpo-
rating the common factor structure. One of the key assumptions they made was the
cross-sectional independence among the idiosyncratic components, which results
in a diagonal matrix X, = Eu,u,. The cross-sectional independence, however, is
restrictive in many applications, as it rules out the approximate factor structure
as in Chamberlain and Rothschild (1983). In this paper, we relax this assump-
tion, and investigate the impact of the cross-sectional correlations of idiosyncratic
noises on the estimation of ¥ and X,,, when both p and T are allowed to diverge.
We show that the estimated covariance matrices are still invertible with probability
approaching one, even if p > T In particular, when estimating ¥ ~! and X, I we
allow p to increase much faster than 7', say, p = O (exp(T%)), for some & € (0, 1).

Sparsity is one of the commonly used assumptions in the estimation of high-
dimensional covariance matrices, which assumes that many entries of the off-
diagonal elements are zero, and the number of nonzero off-diagonal entries is
restricted to grow slowly. Imposing the sparsity assumption directly on the co-
variance of y;, however, is inappropriate for many applications of finance and
economics. In this paper we use the factor model and assume that X, is sparse,
and estimate both X, and ):;1 using the thresholding method [Bickel and Levina
(2008a), Cai and Liu (2011)] based on the estimated residuals in the factor model.
It is assumed that the factors f; are observable, as in Fama and French (1992), Fan,
Fan and Lv (2008), and many other empirical applications. We derive the conver-
gence rates of both estimated X and its inverse, respectively, under various norms
which are to be defined later. In addition, we achieve better convergence rates than
those in Fan, Fan and Lv (2008).

Various approaches have been proposed to estimate a large covariance matrix:
Bickel and Levina (2008a, 2008b) constructed the estimators based on regulariza-
tion and thresholding, respectively. Rothman, Levina and Zhu (2009) considered
thresholding the sample covariance matrix with more general thresholding func-
tions. Lam and Fan (2009) proposed penalized quasi-likelihood method to achieve



3322 J. FAN, Y. LIAO AND M. MINCHEVA

both the consistency and sparsistency of the estimation. More recently, Cai and
Zhou (2010) derived the minimax rate for sparse matrix estimation, and showed
that the thresholding estimator attains this optimal rate under the operator norm.
Cai and Liu (2011) proposed a thresholding procedure which is adaptive to the
variability of individual entries and unveiled its improved rate of convergence.

The rest of the paper is organized as follows. Section 2 provides the asymptotic
theory for estimating the error covariance matrix and its inverse. Section 3 con-
siders estimating the covariance matrix of y,. Section 4 extends the results to the
seemingly unrelated regression model, a set of linear equations with correlated er-
ror terms in which the covariates are different across equations. Section 5 reports
the simulation results. Finally, Section 6 concludes with discussions. All proofs
are given in the Appendix. Throughout the paper, we use Apin(A) and Amax(A)
to denote the minimum and maximum eigenvalues of a matrix A. We also denote
by ||A]lF, ||A]l and ||A||max the Frobenius norm, operator norm and elementwise
norm of a matrix A, respectively, defined, respectively, as ||A|lF = tr'/2(A’A),
A = )\III{Z%X(A/A) and ||A[lmax = max; ;|A;j|. Note that, when A is a vector,
both ||A|| and ||A|| r are equal to the Euclidean norm.

2. Estimation of error covariance matrix.

2.1. Adaptive thresholding. Consider the following approximate factor model,
in which the cross-sectional correlation among the idiosyncratic error components
is allowed:

2.1) Vit :bgfz + ujr,

wherei =1,...,pandt=1,...,T;b; isa K x 1 vector of factor loadings; f; is
a K x 1 vector of observable common factors, uncorrelated with u;;. Write

B:(bla"'7bp)/7 yf:(ylta"'vy]?l)/; ul:(ullv"'vupl),9
then model (2.1) can be written in a more compact form,
(2.2) y: =Bf +u;

with E (u;|f;) = 0.

In practical applications, p can be thought of as the number of assets or stocks,
or number of regions in spatial and temporal problems such as home price indices
or sales of drugs, and in practice can be of the same order as, or even larger than 7.
For example, an asset pricing model may contain hundreds of assets while the
sample size on daily returns is less than several hundreds. In the estimation of
the optimal portfolio allocation, it was observed by Fan, Fan and Lv (2008) that
the effect of large p on the convergence rate can be quite severe. In contrast, the
number of common factors, K, can be much smaller. For example, the rank theory
of consumer demand systems implies no more than three factors [e.g., Gorman
(1981) and Lewbel (1991)].
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The error covariance matrix
X, =cov(uy),

itself is of interest for the inferential theory of factor models. For example, the
asymptotic covariance of the least square estimator of B depends on Z;l, and in
simulating home price indices over a certain time horizon for mortgage based se-
curities, a good estimate of X, is needed. When p is close to or larger than T,
estimating X, is very challenging. Therefore, following the literature of high-
dimensional covariance matrix estimation, we assume it is sparse, that is, many
of its off-diagonal entries are zeros. Specifically, let X, = (0i;) px . Define

(2.3) m = max Z 1(0ij #0).
izp
The sparsity assumption puts an upper bound restriction on mr. Specifically, we
assume
2.4 7 !
9 mT_O(Kzlogp)
In this formulation, we even allow the number of factors K to be large, possibly
growing with 7.

A more general treatment [e.g., Bickel and Levina (2008a) and Cai and Liu
(2011)] is to assume that the /;, norm of the row vectors of X, are uniformly
bounded across rows by a slowly growing sequence, for some g € [0, 1). In con-
trast, the assumption we make in this paper, that is, ¢ = 0, has clearer economic
interpretation. For example, the firm returns can be modeled by the factor model,
where u;; represents a firm’s individual shock at time ¢. Driven by the industry-
specific components, these shocks are correlated among the firms in the same in-
dustry, but can be assumed to be uncorrelated across industries, since the industry-
specific components are not pervasive for the whole economy [Connor and Kora-
jezyk (1993)].

We estimate X, using the thresholding technique introduced and studied by
Bickel and Levina (2008a), Rothman, Levina and Zhu (2009), Cai and Liu (2011),
etc., which is summarized as follows: Suppose we observe data (X1, ..., Xr) ofa
p x 1 vector X, which follows a multivariate Gaussian distribution N (0, X x). The
sample covariance matrix of X is thus given by

1 & _ _
Sx == > X = X)Xi = X) = (5i) px p-
i=1

Define the thresholding operator by 7; (M) = (M;; I (|M;;| > t)) for any symmetric

matrix M. Then 7; preserves the symmetry of M. Let f:g =T,,;(Sx), where wr =
O (J/log p/T). Bickel and Levina (2008a) then showed that

IZ% — Zx| = Op(wrmr).
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In the factor models, however, we do not observe the error term directly. Hence
when estimating the error covariance matrix of a factor model, we need to construct
a sample covariance matrix based on the residuals #;; before thresholding. The
residuals are obtained using the plug-in method, by estimating the factor loadings
first. Let b; be the ordinary least square (OLS) estimator of b;, and

-~ W
Uit = Yit — bift-

Denote by W; = (1;, ..., #,;)". We then construct the residual covariance matrix
as

- 1,
Zu:?Zu[UQZ(UU).
t=1

Note that the thresholding value wr = O (y/log p/T) in Bickel and Levina (2008a)
is in fact obtained from the rate of convergence of max;; |s;j — X x ;;|. This rate
changes when s;; is replaced with the residual u;;, which will be slower if the
number of common factors K increases with T. Therefore, the thresholding value
w7 used in this paper is adjusted to account for the effect of the estimation of the
residuals.

2.2. Asymptotic properties of the thresholding estimator. Bickel and Levina
(2008a) used a universal constant as the thresholding value. As pointed out by
Rothman, Levina and Zhu (2009) and Cai and Liu (2011), when the variances
of the entries of the sample covariance matrix vary over a wide range, it is more
desirable to use thresholds that capture the variability of individual estimation. For
this purpose, in this paper, we apply the adaptive thresholding estimator [Cai and
Liu (2011)] to estimate the error covariance matrix, which is given by

~T T T o~ . =
X, =), 6;j = 0ij1(16ij| =/ bijor),
PO

~ ~ ~ 2
Oij =7 > (@it — i)
t=1

(2.5)

for some wr to be specified later.
We impose the following assumptions:

ASSUMPTION 2.1. (i) {u;};>1 is stationary and ergodic such that each u; has
zero mean vector and covariance matrix X,. In addition, the strong mixing condi-
tion in Assumption 3.2 holds.

(i1) There exist constants ¢, ¢y > 0 such that ¢; < Amin(Z,) < Amax(Zw) < ¢2,
and ¢ < var(u;uj;) <cpforalli <p, j<p.

(iii) There exist #; > 0 and by > 0, such that for any s > 0 and i < p,

2.6) P(luif| > ) < exp(—(s/b)™).
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Condition (i) allows the idiosyncratic components to be weakly dependent. We
will formally present the strong mixing condition in the next section. In order for
the main results in this section to hold, it suffices to impose the strong mixing con-
dition marginally on u; only. Roughly speaking, we require the mixing coefficient

a(T)= sup |P(A)P(B) — P(AN B)|
Aefgoc,Bef%’

to decrease exponentially fast as 7 — oo, where (]-'900, F7°) are the o -algebras

generated by {ut}?:_oO and {u;}7° ., respectively.

Condition (ii) requires the nonsingularity of X,. Note that Cai and Liu (2011)
allowed max; o;; to diverse when direct observations are available. Condition (i),
however, requires that oj; should be uniformly bounded. In factor models, a uni-
form upper bound on the variance of u;; is needed when we estimate the covari-
ance matrix of y; later. This assumption is satisfied by most of the applications
of factor models. Condition (iii) requires the distributions of (u1s,...,up) to

have exponential-type tails, which allows us to apply the large deviation theory
to %Zszl Uit jr — 0jj.

ASSUMPTION 2.2. There exist positive sequences k1(p, T) = o(1), «k2(p,
T)=o0(1) and ar = o(1), and a constant M > 0, such that for all C > M,

1< R
P(max = 2 i = ) > Ca%) < O(ki(p. T)),

| <
=p L

P( max_|ui — il > C) < OGex(p, T).
i<p,t<T

This assumption allows us to apply thresholding to the estimated error covari-
ance matrix when direct observations are not available, without introducing too
much extra estimation error. Note that it permits a general case when the origi-
nal “data” is contaminated, including any type of estimate of the data when direct
observations are not available, as well as the case when data is subject to mea-
surement of errors. We will show in the next section that in a linear factor model
when {u;;};<p <7 are estimated using the OLS estimator, the rate of convergence
az = (K*logp)/T.

The following theorem establishes the asymptotic properties of the thresholding
estimator 7, based on observations with estimation errors. Let y~! = 3r; L+

ry ! where r| and r; are defined in Assumptions 2.1, 3.2, respectively.

THEOREM 2.1. Suppose y < 1 and (log p)®/Y~! = o(T). Then under As-
sumptions 2.1 and 2.2, there exist C1 > 0 and Cy > 0 such that for ZMT defined

in (2.5) with
lo
wr = Cy <‘/ ip +aT>,
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we have

. 1
@7 PUET = Zu|l < Coopmy) = 1 — o(? + 1 (p. T) + K2(p, T>>.

In addition, if ormT = o(1), then with probability at least 1 — 0(# +k1(p, T)+
k2(p,T)),

)\min(f;{) = O-S)Lmin(zu)
and

IEH™ -2 < Cowrmr.

Note that we derive result (2.7) without assuming the sparsity on X, that is, no
restriction is imposed on my. When wrmr # o(1), (2.7) still holds, but ||fu7 —
Y, || does not converge to zero in probability. On the other hand, the condition
wrmt = o(1) is required to preserve the nonsingularity of fMT asymptotically and
to consistently estimate X!

The rate of convergence also depends on the averaged estimation error of the
residual terms. We will see in the next section that when the number of common
factors K increases slowly, the convergence rate in Theorem 2.1 is close to the
minimax optimal rate as in Cai and Zhou (2010).

3. Estimation of covariance matrix using factors. We now investigate the
estimation of the covariance matrix X in the approximate factor model

y: =Bf; +u,,

where X = cov(y;). This covariance matrix is particularly of interest in many ap-
plications of factor models as well as corresponding inferential theories. When
estimating a large dimensional covariance matrix, sparsity and banding are two
commonly used assumptions for regularization [e.g., Bickel and Levina (2008a,
2008b)]. In most of the applications in finance and economics, however, these two
assumptions are inappropriate for X. For instance, the US housing prices in the
county level are generally associated with a few national indices, and there is no
natural ordering among the counties. Hence neither the sparsity nor the banding is
realistic for such a problem. On the other hand, it is natural to assume X, sparse,
after controlling the common factors. Therefore, our approach combines the merits
of both the sparsity and factor structures.
Note that

¥ =Bcov(f;))B' + X,.
By the Sherman—Morrison—Woodbury formula,

s l=3-1 — 3 'Blcov(f)~' +B'Z,'B]"'B'S; !
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When the factors are observable, one can estimate B by the least squares
method, B = (by,...,b,)’, where

~ R 5
bi = argmin > > (vir — bifi)".

r=1i=1
The covariance matrix cov(f;) can be estimated by the sample covariance matrix
cov(f) = T7IXX' — T2X11'X/,

where X = (f;,...,fr),and 1l isa T—dimensio}gal column vector of ones. There-
fore, by employing the thresholding estimator ZMT in (2.5), we obtain substitution
estimators

(3.1) 7 =Bcov(f,)B' + 27

and

32 EH'=EDH'-EDH Bleovd) ' +B/(E) BB (E])
In practice, one may apply a common thresholding A to the correlation ma-

trix of X,, and then use the substitution estimator similar to (3.1). When A =0

(no thresholding), the resulting estimator is the sample covariance, whereas when

A =1 (all off-diagonals are thresholded), the resulting estimator is an estimator

based on the strict factor model [Fan, Fan and Lv (2008)]. Thus we have created

a path (indexed by A) which connects the nonparametric estimate of covariance

matrix to the parametric estimate.
The following assumptions are made:

ASSUMPTION 3.1. (i) {f;};>1 is stationary and ergodic.
(ii) {u;};>1 and {f;};>1 are independent.

In addition to the conditions above, we introduce the strong mixing conditions
to conduct asymptotic analysis of the least square estimates. Let F° s and Fr°
denote the o-algebras generated by {(f;,u;):—oco <t <0} and {(f;,w,;): T <t <
oo}, respectively. In addition, define the mixing coefficient

a(T) = sup |P(A)P(B) — P(AB)|.
AeFO  BeF

The following strong mixing assumption enables us to apply the Bernstein’s in-
equality in the technical proofs.

ASSUMPTION 3.2. There exist positive constants 7 and C such that for all
teZt,

a(t) <exp(—Ct'"?).
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In addition, we impose the following regularity conditions:

ASSUMPTION 3.3. (i) There exists a constant M > 0 such that for all i, j
andt, Ey> <M, Ef2 < M and |b;j| < M.

(ii) There exists a constant r3 > 0 with 3r; Ly ry '~ 1, and b, > 0 such that
forany s >0andi < K,

(3.3) P(| fir] > s) < exp(—(s/b2)").

Condition (ii) allows us to apply the Bernstein-type inequality for the weakly
dependent data.

ASSUMPTION 3.4. There exists a constant C > 0 such that A, (cov(fy)) > C.

Assumptions 3.4 and 2.1 ensure that both Apjn(cov(f;)) and Apin(X) are
bounded away from zero, which is needed to derive the convergence rate of
1(ET)~! — =1 below.

The following lemma verifies Assumption 2.2, which derives the rate of conver-
gence of the OLS estimator as well as the estimated residuals.

Let yz_l = 1.5;’1_1 + 1.51’3_1 +r2_1.

LEMMA 3.1. Suppose K = o(p), K*(og p)?> = o(T) and (log p)*/72~! =
o(T). Then under the assumptions of Theorem 2.1 and Assumptions 3.1-3.4, there
exists C > 0, such that:

(1)
- Klogp 1 1
P max |b; —b;| > C =0<—2+—2>;
i<p T p T
(ii)

1 & _ 5 CKZ?logp 11
P<I}l§a;?§|uit—ui[| >f —0(_2‘*'?),

(i)

~ log p 1 1
P g == cxonry [20) <0 )

By Lemma 3.1 and Assumption 2.2, ar = K+/(logp)/T and k1(p,T) =
k2(p, T) = p~% + T2, Therefore in the linear approximate factor model, the
thresholding parameter wr defined in Theorem 2.1 is simplified to the following:
for some positive constant C},

lo
(3.4) wr =C|K ip.
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Now we can apply Theorem 2.1 to obtain the following theorem:

THEOREM 3.1.  Under the assumptions of Lemma 3.1, there exist C| > 0 and
Cé > 0 such that the adaptive thresholding estimator defined in (2.5) with a)% =
C! K2log p

1= 7

®

satisfies:

5 lo 1 1
P(IIEZ— Tl < Cémﬂ,/%) —1- 0<? + ﬁ)

(i) IfmrK 10% = 0(1), then with probability at least 1 — O(# + %),

Amin(fz—) > O-Skmin(zu)

~r _ logp
IEDH ™ -2, < ChmrK | -

REMARK 3.1. We briefly comment on the terms in the convergence rate
above.

and

(1) The term K appears as an effect of using the estimated residuals to construct
the thresholding covariance estimator, which is typically small compared to p and
T in many applications. For instance, the famous Fama—French three-factor model
shows that K = 3 factors are adequate for the US equity market. In an empirical
study on asset returns, Bai and Ng (2002) used the monthly data which contains
the returns of 4883 stocks for sixty months. For their data set, T = 60, p = 4883.
Bai and Ng (2002) determined K =2 common factors.

(2) Asin Bickel and Levina (2008a) and Cai and Liu (2011), m7, the maximum
number of nonzero components across the rows of X, also plays a role in the
convergence rate. Note that when K is bounded, the convergence rate reduces
to Op(mr+/(log p)/T), the same as the minimax rate derived by Cai and Zhou
(2010).

One of our main objectives is to estimate X, which is the p x p dimensional
covarinace matrix of y;, assumed to be time invariant. We can achieve a better
accuracy in estimating both £ and ¥ ™! by incorporating the factor structure than
using the sample covariance matrix, as shown by Fan, Fan and Lv (2008) in the
strict factor model case. When the cross-sectional correlations among the idiosyn-
cratic components (i1, ..., U,) are in presence, we can still take advantage of
the factor structure. This is particularly essential when direct sparsity assumption
on X is inappropriate.
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ASSUMPTION 3.5. ||p_1B/B — || = o(1) for some K x K symmetric posi-
tive definite matrix €2 such that Ap;,(2) is bounded away from zero.

Assumption 3.5 requires that the factors should be pervasive, that is, impact
every individual time series [Harding (2009)]. It was imposed by Fan, Fan and Lv
(2008) only when they tried to establish the asymptotic normality of the covariance
estimator. However, it turns out to be also helpful to obtain a good upper bound of
[(ET)~! — =71, as it ensures that Amax (B'Z'B)" 1) = 0(p~1).

Fan, Fan and Lv (2008) obtained an upper bound of |27 — X/ under the
Frobenius norm when X, is diagonal, that is, there was no cross-sectional corre-
lation among the idiosyncratic errors. In order for their upper bound to decrease
to zero, p> < T is required. Even with this restrictive assumption, they showed
that the convergence rate is the same as the usual sample covariance matrix of y;,
though the latter does not take the factor structure into account. Alternatively, they
considered the entropy loss norm, proposed by James and Stein (1961),

IZ7 = Zls = (p el ET2 7 = 2 P =p 2z AET - BT g
Here the factor p_l/ 2 is used for normalization, such that ||y = 1. Under this
norm, Fan, Fan and Lv (2008) showed that the substitution estimator has a better
convergence rate than the usual sample covariance matrix. Note that the normal-
ization factor p_l/ 2 in the definition results in an averaged estimation error, which
also cancels out the diverging dimensionality introduced by p. In addition, for any

two p X p matrices A1 and Ay,
1A — Aslls = p~ 2 IZ7V2A — AT
<=2 A - Az~
< IA] = Aol - Amax (7).

Combining with the estimated low-rank matrix B cov(f;)B’, Theorem 3.1 im-
plies the main theorem in this section:

THEOREM 3.2. Suppose logT = o(p). Under the assumptions of Theo-
rem 3.1 and Assumption 3.5, we have:

®

CpK%bgpﬁ_%Cm%KZMgp>

P(IZT -2} <
(187 - 213 = = -

1 1
< CK?logp +CK*logT
P(IE7 ~ Zlfuax < u )

1 1
=1-0( s +73):
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(i) If mrK 10% = o(1), with probability at least 1 — O(# + %),
)\min(fT) = O'S)Mmin(zu)

and

—~ B log p
IED) " — =7 <CmrK —%—.

Note that we have derived a better convergence rate of (fT)_1 than that in Fan,
Fan and Lv (2008). When the operator norm is considered, p is allowed to grow
exponentially fast in 7" in order for (27)~! to be consistent. _

We have also derived the maximum elementwise estimation |27 — X ||max.
This quantity appears in risk assessment as in Fan, Zhang and Yu (2008). For any
portfolio with allocation vector w, the true portfolio variance and the estimated one
are given by w Xw and w X7 w, respectively. The estimation error is bounded by

T ST 2
WXE'w—wEw <X - Z|max|Iwl],

where ||w||{, the /; norm of w, is the gross exposure of the portfolio.

4. Extension: Seemingly unrelated regression. A seemingly unrelated re-
gression model [Kmenta and Gilbert (1970)] is a set of linear equations in which
the disturbances are correlated across equations. Specifically, we have

4.1) )’itzb;fit+uit» i<pt=<T,

where b; and f;; are both K; x 1 vectors. The p linear equations (4.1) are related
because their error terms u;; are correlated; that is, the covariance matrix

Xu= (Euitujt)pxp
is not diagonal.

Model (4.1) allows each variable y;; to have its own factors. This is important
for many applications. In financial applications, the returns of individual stock de-
pend on common market factors and sector-specific factors. In housing price index
modeling, housing price appreciations depend on both national factors and local
economy. When f;; = f; for each i < p, model (4.1) reduces to the approximate
factor model (1.1) with common factors f;.

Under mild conditions, running OLS on each equation produces unbiased and
consistent estimator of b; separately. However, since OLS does not take into ac-
count the cross-sectional correlation among the noises, it is not efficient. Instead,

statisticians obtain the best linear unbiased estimator (BLUE) via generalized least
square (GLS). Write

Yi:(yil,...,yiT)/,Txl, X,':(f,‘l,...,fiT)/,TXKi, i <p,
Y X; O 0 b
y=|:]. x=|o - . B=|:

.. 0 :
Yp 0 0 X, b,
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The GLS estimator of B is given by Zellner (1962).
(4.2) Baus = X' (2, © I X7 X'(Z, ' ® In) 'y,

where I denotes a T x T identity matrix, ® represents the Kronecker product
operation and fu is a consistent estimator of X,,.

In classical seemingly unrelated regression in which p does not grow with T,
¥, is estimated by a two-stage procedure [Kmenta and Gilbert (1970)]: In the first
stage, estimate B via OLS, and obtain residuals

(4.3) Wir = yir — by

In the second stage, estimate X, by

- 1 &
4.4) Xy =(05) = (; Zuit”jt)
t=1

In high dimensional, seemingly unrelated regression in which p > T, however,
) « 1s not invertible, and hence the GLS estimator (4.2) is infeasible.

By the sparsity assumption of X,, we can deal with this singularity problem
by using the adaptive thresholding estimator, and produce a consistent nonsingular
estimator of X,

pxp

_ _ T
@.5) =TI =(G1(16;1 > /Oijor)), 6;; = ? Z(uitﬁjz ~ i)
To pursue this goal, we impose the following assumptions:

ASSUMPTION 4.1. Foreachi < p:
(1) {fi;};>1 is stationary and ergodic.

(i1) {uw;};>1 and {f;;};>1 are independent.

ASSUMPTION 4.2. There exists positive constants C and r, such that for each
i < p, the strong mixing condition

a(t) <exp(—Ct'?)

is satisfied by (fi;, u;).

ASSUMPTION 4.3. There exist constants M and C > 0 such that for all i <
P, j=<Kit<T:

(i) Ey}, <M, |bjjl <M and Ef} ;<M
(if) min;<p Amin(cov(f;)) > C.
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ASSUMPTION 4.4. There exists a constant r4 > 0 with 3r4_1 + r2_1 > 1, and
b3 > 0 such that for any s > 0 and i, j,

P (| fir,jl > s) < exp(—(s/b3)"™).

These assumptions are similar to those made in Section 3, except that here they
are imposed on the sector-specific factors. The main theorem in this section is
a direct application of Theorem 2.1, which shows that the adaptive thresholding
produces a consistent nonsingular estimator of ..

THEOREM 4.1. Let K = max;<, K; and )/3_1 = 1.51”1_1 + 1.51”4_1 +r2_1; sup-
pose K = o(p), K4(log p)2 = o(T) and (log p)2/3’3_1 = o(T). Under Assump-
tions 2.1, 4.1-4.4, there exist constants C1 > 0 and Co > 0 such that the adaptive

2
thresholding estimator defined in (4.5) with a)% =k lTogp satisfies:

@)
S [log p 1 1
P T _

Gi) If mrK\/'82 = o(1), then with probability at least 1 — 0(# + 72,

kmin(fz) = O-Skmin(zu)

~r _ log p
IEDH ™ -2, < ComrK | -

Therefore, in the case when p > T, Theorem 4.1 enables us to efficiently esti-
mate B via feasible GLS.

Bl s=X(CEDH o) X' X(ED e m) Y]

and

5. Monte Carlo experiments. In this section, we use simulation to demon-
strate the rates of convergence of the estimators 7 and (32\7)_1 that we have
obtained so far. The simulation model is a modified version of the Fama—French
three-factor model described in Fan, Fan and Lv (2008). We fix the number of
factors, K = 3, and the length of time, 7 = 500, and let the dimensionality p
gradually increase.

The Fama—French three-factor model [Fama and French (1992)] is given by

Yit = bi1 fir + bi2 for + biz f3r + uis,

which models the excess return (real rate of return minus risk-free rate) of the ith
stock of a portfolio, y;;, with respect to 3 factors. The first factor is the excess
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return of the whole stock market, and the weighted excess return on all NASDAQ,
AMEX and NYSE stocks is a commonly used proxy. It extends the capital assets
pricing model (CAPM) by adding two new factors—SMB (“small minus big” cap)
and HML (“high minus low” book/price). These two were added to the model after
the observation that two types of stocks—small caps, and high book value to price
ratio—tend to outperform the stock market as a whole.

We separate this section into three parts, calibration, simulation and results.
Similarly to Section 5 of Fan, Fan and Lv (2008), in the calibration part we want
to calculate realistic multivariate distributions from which we can generate the
factor loadings B, idiosyncratic noises {u,}tT: , and the observable factors {ft}thl.
The data was obtained from the data library of Kenneth French’s website.

5.1. Calibration. To estimate the parameters in the Fama—French model, we
will use the two-year daily data (¥;, f;) from Jan 1st, 2009 to Dec 31st, 2010 (T =
500) of 30 industry portfolios.

(1) Calculate the least squares estimator B of y: = Bf’, + u;, and take the rows
of ﬁ, namely f)] = (b11,b12,b13), ..., |~)3() = (b30,1, b30,2, b30,3), to calculate the
sample mean vector g g and sample covariance matrix X p. The results are depicted
in Table 1. We then create a mutlivariate normal distribution N3(p g, X g), from
which the factor loadings {b,-}fj:1 are drawn.

(2) For each fixed p, create the sparse matrix X, =D +ss’ — diag{slz, e, sIZ,}

in the following way. Let u; =y, — Bf,. Fori =1, ..., 30, let 5; denote the stan-
dard deviation of the residuals of the ith portfolio. We find min(6;) = 0.3533,
max(0;) = 1.5222 and calculate the mean and the standard deviation of the G;’s,
namely 6 = 0.6055 and osp = 0.2621.

LetD = diag{olz, ey 0*1%}, where o1, ..., 0, are generated independently from

the Gamma distribution G(a, 8), with mean 8 and standard deviation o!/?8.
We match these values to 0 = 0.6055 and osp = 0.2621, to get o = 5.6840 and
B = 0.1503. Further, we create a loop that only accepts the value of o; if it is
between min(d;) = 0.3533 and max(c;) = 1.5222.

Create s = (s1,...,5,)" to be a sparse vector. We set each s; ~ N (0, 1) with

0.2,/p

log p

probability %, and s; = 0 otherwise. This leads to an average of
nonzero elements per each row of the error covariance matrix.

TABLE 1
Mean and covariance matrix used to generate b

1B g
1.0641 0.0475 0.0218 0.0488
0.1233 0.0218 0.0945 0.0215

—0.0119 0.0488 0.0215 0.1261




COVARIANCE MATRIX IN FACTOR MODEL 3335

TABLE 2
Parameters of t; generating process

n cov(fy) [

0.1074 2.2540 0.2735 0.9197 —0.1149 0.0024 0.0776
0.0357 0.2735 0.3767 0.0430 0.0016 —0.0162 0.0387
0.0033 0.9197 0.0430 0.6822 —0.0399 0.0218 0.0351

Create a loop that generates X, multiple times until it is positive definite.

(3) Assume the factors follow the vector autoregressive [VAR(1)] model f; =
i+ ®f,_| + &, for some 3 x 3 matrix ®, where &,’s are i.i.d. N3(0, ). We
estimate @, u and X, from the data, and obtain cov(f;). They are summarized in
Table 2.

5.2. Simulation. For each fixed p, we generate (by,...,b,) independently
from N3(up, X p), and generate {f}}tT:1 and {u,‘}tT:1 independently. We keep T =
500 fixed, and gradually increase p from 20 to 600 in multiples of 20 to illustrate
the rates of convergence when the number of variables diverges with respect to the
sample size.

Repeat the following steps N = 200 times for each fixed p:

(1) Generate {bi}f’:l independently from N3(up, Xp), and set B = (by, ...,
b,).

(2) Generate {u,}tT:1 independently from N, (0, ;).

(3) Generate {f,}tT:1 independently from the VAR(1) model f; = p + ®f, | +
Er.

(4) Calculate y;, =Bf; +u, forr=1,...,T. _

(5) Set wr =0.10K /log p/ T to obtain the thresholding estimator (2.5) ZMT
and the sample covariance matrices cov(f;), ) y = ﬁ Z;T: (e =9y — .

We graph the convergence of 7 and y to X, the covariance matrix of y, under
the entropy-loss norm || - |x and the elementwise norm || - |max. We also graph

the convergence of the inverses (fT)_1 and )A_?y_l to ¥~ ! under the operator norm.
Note that we graph that only for p from 20 to 300. Since T = 500, for p > 500
the sample covariance matrix is singular. Also, for p close to 500, fy is nearly
singular, which leads to abnormally large values of the operator norm. Last, we
record the standard deviations of these norms.

5.3. Results. InFigures 1-3, the dashed curves correspond to $7 and the solid
curves correspond to the sample covariance matrix b3 y. Figures 1 and 2 present the
averages and standard deviations of the estimation error of both of these matrices
with respect to the X-norm and infinity norm, respectively. Figure 3 presents the
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FIG. 1. Averages and standard deviations of ||fT — X||s; (dashed curve) and ||fy — X|x (solid
curve) over N = 200 iterations, as a function of the dimensionality p.

averages and estimation errors of the inverses with respect to the operator norm.
Based on the simulation results, we can make the following observations:

(1) The standard deviations of the norms are negligible when compared to their
corresponding averages.

(2) Under the || - ||z, our estimate of the covariance matrix of y, 37 performs
much better than the sample covaraince matrix b3 y- Note that, in the proof of The-
orem 2 in Fan, Fan and Lv (2008), it was shown that

(5.1) Iz, —2||z—0p(K3)+o,,( )+op(K;/2).

For a small fixed value of K, such as K = 3, the dominating term in (5.1) is O (%).

From Theorem 4.1, and given that m7 = o(p'/#), the dominating term in the con-
m%- log p
T

vergence of || 7% || s is O p(% + ). So, we would expect our estimator
to perform better, and the simulation results are consistent with the theory.

(3) Under the infinity norm, both estimators perform roughly the same. This
is to be expected, given that the thresholding affects mainly the elements of the
covariance matrix that are closest to 0, and the infinity norm depicts the magnitude
of the largest elementwise absolute error.

Averages Standard Deviations
T T T 0.45 T T T T

0.9

0.8

0.7r

0 100 200 300 400 500 600 -0 100 200 300 400 500 600
p p

FIG. 2. Averages and standard deviations of IIET — X |lmax (dashed curve) and || fy — X |lMAaX
(solid curve) over N = 200 iterations, as a function of the dimensionality p.
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FI1G. 3. Averages and standard deviations of || (fT)_1 —x-1 || (dashed curve) and || fy_l —x-1 I
(solid curve) over N =200 iterations, as a function of the dimensionality p.

(4) Under the operator norm, the inverse of our estimator, (fT)_1 also per-
forms significantly better than the inverse of the sample covariance matrix.

(5) Finally, when p > 500, the thresholding estimators fMT and 7 are still
nonsingular.

In conclusion, even after imposing less restrictive assumptions on the error co-
variance matrix, we still reach an estimator %7 that significantly outperforms the
standard sample covariance matrix.

6. Conclusions and discussions. We studied the rate of convergence of high-
dimensional covariance matrix of approximate factor models under various norms.
By assuming sparse error covariance matrix, we allow for the presence of the
cross-sectional correlation even after taking out common factors. Since direct ob-
servations of the noises are not available, we constructed the error sample co-
variance matrix, first based on the estimation residuals, and then estimated the
error covariance matrix using the adaptive thresholding method. We then con-
structed the covariance matrix of y; using the factor model, assuming that the
factors follow a stationary and ergodic process, but can be weakly dependent. It
was shown that after thresholding, the estimated covariance matrices are still in-
vertible even if p > T, and the rate of convergence of (fT)*1 and (2\3)*1 is of
order O, (Kmy+/log p/T), where K comes from the impact of estimating the un-
observable noise terms. This demonstrates when estimating the inverse covariance
matrix, p is allowed to be much larger than 7.

In fact, the rate of convergence in Theorem 2.1 reflects the impact of unobserv-
able idiosyncratic components on the thresholding method. Generally, whether it
is the minimax rate when direct observations are not available but have to be esti-
mated is an important question, which is left as a research direction in the future.

Moreover, this paper uses the hard-thresholding technique, which takes the form
of 6;j(0ij) = 0ijI(|ojj| > 0;;) for some pre-determined threshold 6;;. Recently,
Rothman, Levina and Zhu (2009) and Cai and Liu (2011) studied a more gen-
eral thresholding function of Antoniadis and Fan (2001), which admits the form



3338 J. FAN, Y. LIAO AND M. MINCHEVA

0;j(6;j) = s(0i;), and also allows for soft-thresholding. It is easy to apply the more
general thresholding here as well, and the rate of convergence of the resulting co-
variance matrix estimators should be straightforward to derive.

Finally, we considered the case when common factors are observable, as in
Fama and French (1992). In some applications, the common factors are unob-
servable and need to be estimated [Bai (2003)]. In that case, it is still possible
to consistently estimate the covariance matrices using similar techniques as those
in this paper. However, the impact of high dimensionality on the rate of conver-
gence comes also from the estimation error of the unobservable factors. We plan
to address this problem in a separate paper.

APPENDIX A: PROOFS FOR SECTION 2
A.1. Lemmas. The following lemmas are useful to be proved first, in which

we consider the operator norm [|A[|> = Apax (A’A).

LEMMA A.1. Let A be an m x m random matrix, B be an m x m determin-
istic matrix and both A and B are semi-positive definite. If there exists a positive
sequence {cT}7._ such that for all large enough T , Amin(B) > c7. Then

P (hmin(A) = 0.5c7) = P(|A — B < 0.5¢7)

and

2
P(HA—1 -B7'| < —2||A—B||) > P(||A - B| <0.5¢7).
‘r

PROOF. For any v € R™ such that ||v|]| = 1, under the event |A — B|| < 0.5¢7,
VAV=VBv -V (B —A)v> Anin(B) — |A — B
> 0.5¢r.

Hence Amin(A) > 0.5¢7.
In addition, still under the event ||A — B|| <0.5¢r,

A" =B~ =A™ B - A)B|
< Amin(A) " A = B[ Amin(B) !
=2¢;'[|A - B]. O
LEMMA A.2. Suppose that the random variables Z|,Z> both satisfy the

exponential-type tail condition: There exist r1, ry € (0,1) and by, by > 0, such
that Vs > 0,

P(|Z;i| > s) <exp(l — (s/bi)"), i=1,2.
Then for some r3 and bz > 0, and any s > 0,

(A.1) P(|Z1Z3] > s) <exp(l — (s/b3)").
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PROOF. We have, for any s > 0, M = (sby/" /b)) /1472 b = byby and
r=rir2/(ri +r2),
P(Z1Z22| > s) < P(M|Z1| > 5) + P(|Z2| > M)
<exp(l — (s/b1M)"") +exp(1 — (M/b2)"?)
=2exp(l — (s/b)").

Pick up an r3 € (0, r), and b3 > max{(r3/r)1/’b, (1+ log 2)!/7p}; then it can be
shown that F'(s) = (s/b)" — (s/b3)"? is increasing when s > b3. Hence F(s) >
F(b3) > log2 when s > b3, which implies when s > b3,

P(|leZ| > S) < 26Xp(1 — (S/b)r) < eXp(l _ (S/b3)r3),
When s < b3,
P(|Z1Z2] > s) <1 <exp(l — (s/b3)"3). 0

LEMMA A.3. Under the assumptions of Theorem 2.1, there exists a constant
C, > 0 that does not depend on (p, T), such that when C > C,,

(1)
(max >C 10gp> = 0(i),
j=p|T V. T p?

P Ly Wil C =0 ! T
i{??[g?;(ultuﬁ_unuﬁ) >Lar | = ?‘FKI(P, )),

(iii)

logp 1
P| max |6;; —0;j| > C +ar 0(—2+K1(P,T)>~
i,j<p p

PROOF. (i) By Assumption 2.1 and Lemma A.2, u;;u;, satisfies the expo-
nential tail condition, with parameter r1/3 as shown in the proof of Lemma A.2.
Therefore by the Bernstein’s inequality [Theorem 1 of Merlevede, Peligrad and
Rio (2009)], there exist constants Cy, C3, C3, C4 and C5 > 0 that only depend on
b1, r1 and r; such that for any i, j < p, and y_l = 3r1_1 + rz_l,

P Ly >s|<T ( (Ts)”) + ( s )
— Ojj N ex — (.4 i ———
T & =)=t T P aa+1cy)

Zuitujt -
< (Ts)? < (Ts)r1=7) ))
+exp| — exp .
C4T Cs(log T's)Y

Zullujl Oij

(i)
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Using Bonferroni’s method, we have

max Uit it — Tjj| > S
( z =i
<p max P Zu,tuﬂ ojj| >s
Lj<p

Let s = C+/(logp)/T for some C > 0. It is not hard to check that when
(log p)z/ =1 =o(T) (by assumption), for large enough C,

sren(-g )+ ren(= i on( Cngr) =<(52)
p-1 exp Cr p-exp CiT exp Cs(log Ts)7 =0 p2

oo~ giirre) =)
exp[ ———— | = — ).
PO Ga+Tey P2
This proves (i).

(ii) For some C} > 0 such that

and

1 T
(A2) P(I;La; = @ —uin)” > claT) = 01 (p. T))
- t=1
under the event {maxi§p|%2f:1ui2t — 0ji| < max;<j,o0;;/4} N {max,-fp% X

S I (@i — uir)* < Cja2}, by the Cauchy-Schwarz inequality,

Z = max Z(”tt”]t _Mll‘ujt)
i,j<p
1 I T
= lnjl?; Z(”tt —uir)(Ujr — ujr) +2IHJI?31<? = Z:Mit(ﬁjt — U jr)

<max—2(u,, u,-t)2+2Jmax Zu” max—Z(u,t—u,t)

i<p T i<p T i<p T

/5
< ClaT +2 Zma;(om/C aT

Since ar = o(1), when C > 3,/C’ max; <, 0j;, we have, for all large T,

5
2 /
Car > Clay +2 2 rlrlfa;crii,/Cia%
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and

1<p

P(Z<Car)>1— <max
lfp

> maxoii/4>

T
_Z ,2 Oii
— P(max — Z(”” uir)> > Cia%).

i<p T

By part (i) and (A.2), P(Z < Car) > 1—0(p~ 2 +«1(p, T)).
(iii)) By (i) and (ii), there exists C, > 0, when C > C,, the displayed in-
equalities in (i) and (ii) hold. Under the event {max; ;< pl% Z,T=1 Uit jy — 0jj| <

C(logp)/T}IN {maxi’j5p|% Z,T:] uisU jy — ujsu j;| < Car}, by the triangular in-
equality,

E ull‘ujl‘ O'

1 T

Zultu]t — UjtU jt
=1

1
< C(,/ in +aT)-

Hence the desired result follows from part (i) and part (ii) of the lemma. [

max |0;; — 0;j| < max
i,j<p i,ji<p|T

+ max
i,j<p|T

LEMMA A.4. Under Assumptions 2.1, 2.2,
~ ~ 1
P(CL < minf;; <max6;; < CU) >1- 0(—2 +x1(p, T) +x2(p, T)>,
Ly 1j P
where
C L ( )
= — minvar(u;u
L 45 var(u;:U jt ),
Cy= 3maxo” +4maxvar(u,tu1,)

=p tj

PROOF. (i) Using Bernstein’s inequality and the same argument as in the proof
of Lemma A.3(i), there exists C. > 0, when C > C,. and (log )oYl = o(T),

1 1
>C 0gp>:0<_2>.
T p

2
Z(Mltujt Uij) —Var(ui,uj;)

max
i,j<p|T
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For some C > 0, under the event (}_, A;, where

[log p
A= lrljli);|‘71]_alj|<c< T + T)}

~ 1 -1
Ay =1 max |u,-,—u,-t|§m1n{5, (20maxo,-i) ml_nvar(ui;ujt)}},
i ij

i<p,t<T
1 logp
A3 = {max|— ur —oii|l<C ,
S e Tg i O = T
logp
2
Ay = H}i’; Z(ultu]t 0ij)” — var(ujruj)| < C T },

we have, for any i, j, by adding and subtracting terms,

~ 32
l] - Z(u,,u]; U,'j)

2 o ~
=7 Y @ity —0ij)” + 2III_12}X(UU — i)
; ,
A e AN e 22
= Z(ull‘ Uir) ujt+ Z(ujt th) Uiy
T - T
4 ogp 2
+ ?Z(”it”]t Ul]) +0 +ar
t

< dmax|u;; — uj| <maxo,, +max Zu”>
it

T—i-T—i-aT

/1
< <2C O]g,p + Car +2m_axo,~,-)
l

+ 4 var(u;rujr) +o(1),

Io lo
+4var(u,-,ujt)+0< £P £P 2)

where the O(-) and o(-) terms are uniform in p an 7. Hence under ﬂf: 1 A;, for
all large enough 7', p, uniformly in Z, j, we have

0i,j < 3maxa” + 4 max var(u;su jr).
i<p ij
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Still by adding and subtracting terms, we obtain

iE (i ji — 07j)
Ly i
T t

4 PN 4 SR . .
=7 Z(uit”jt — il j1)* + T Y (it js — 6ij)* + 4(0ij — 6ij)°
t
8 R 8 R log p
572 (1 jr — ujt)z—l—?Zu?t(u,t ir) +49U+0<%+ )
t t

~ . 1 &
< SII%.?XW” — uit|2<miaXO'ii + mjax T ;ﬁ,) +46;; +o(1).
Under the event (\}_; A;, we have

log p
T

/1o
— 8max |u;; —u,~,|2|:2C ip +CaT+2maxa,,i|
it

.
> —minvar(u;u ;).
10 ij

46;j +o(1) = minvar(ujuj;) — C
ij

Hence for all large T, p, uniformly in i, j, we have @: > % min;; var(u;;u jr).
Finally, by Lemma A.3 and Assumption 2.2,

1
(ﬂA>>1_ <p2 +K1(P’T)+K2(P’T)),

which completes the proof. [J

A.2. Proof of Theorem 2.1. (i) For the operator norm, we have

IZ7 -2 ||<maXZ|GUI(|GUI>wT9,/) oijl-
] 1

By Lemma A.3(iii), there exists C1 > 0 such that the event

/1
A/I = {max |6ij _Uij| SCl( o8P +aT)}
LJ=p

occurs with probability P(A’l) >1-— O(# + k1(p,T)). Let C > 0 be such that

C./Cr > 2Cq, where Cy, is defined in Lemma A.4. Let wr = C( 10# + ar),
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br = Ci( 10%;7 +ar), then /Crwr > 2br, and by Lemma A 4,

P(Hlljln é:.lj./sz > ZbT) > P(Hlljln é:'lj'/z > E)

1
>1- 0<; +x1(p, T) + k2(p, T))-

Define the following events:

. ~1/2
A= {rr}}ﬂ@ij/ wr > 2br},
;o ~1/2 1/2
Az = {n%?xe,.j <Cy }
where Cy is defined in Lemma A.4. Under ﬂ?zl Ag, the event |G; il > wT@\ilj/ 2
implies |o;;| > br, and the event |5;;| < wré\ilj/z implies |o;| < br + +/Cyor.
We thus have, uniformly in i < p, under ﬂ?: 1 ;,

~ oA ~1/2
|Gij1(16ij] = COT@/ ) = ij

-

IZ7 -2, <

~
I
—_

14
~ ~ ~1/2 ~ ~1/2
16ij — 0111 (Gij| = w18,/%) + Y 10311 (5| < w78,])
j=1

~
I
—

IA
.M“

P
16ij — 0ij|1 (loij| = br) + Y _ loijlI(loij| < br ++/Cywr)
=

A
‘M“’

~
Il
—_

<brmr + (bT + CUa)T)mT
<(v/CL+VCy)ormr.

By Lemmas A.3(iii) and A.4, P(ﬂ?:1 A >1-— 0(# +k1(p, T) + k2(p, T)),
which proves the result.
(i1) By part (i) of the theorem, there exists some C > 0,

. 1
PIET — 24| > Cormp) = 0(? + k1 (p T) + 2, T)).

By Lemma A.1,

P(min(ED) = 0.50min(Z0)) = P(IZ7 = ]| < 0.5Amin(E))

1
- 0(? + k1 (p T) + 12, T)).
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In addition, when wrmr = o(1),
PIIED ! =z I =21z,  ICormy)
>P(IED™ =2 <202 1] = Zul IZL — 2ull < Cormy)
>P(IED =z =212, M- 12T — Z,1)
— P(IZ] = 2|l > Cormr)
> P(IZT — 2,1l < 0.5Amin(Z0))

1
— 0(—2 +x1(p. T) +Kk2(p, T))
p

1
=1-0( 3 +a(p. D) +a(p.T) ).
where the third inequality follows from Lemma A.1 as well.

APPENDIX B: PROOFS FOR SECTION 3
B.1. Proof of Theorem 3.1.

LEMMA B.1. There exists C1 > 0 such that:

®
logT 1
(f?i"}( Zfzzsz Efitfir| > Ciy = ):0<ﬁ>’
(i)
P max Zf” >C\/@ 0<L>
(X T ktUit 1 - p2 ’

PROOF. (i) Let Z,‘j = %Zszl(fitfjt — Ef,';fjt). ‘We bound max; ; |Z,'j| us-
ing a Bernstein-type inequality. Lemma A.2 implies that for any i and j < K,
fit fj: satisfies the exponential tail condition (3.3) with parameter r3/3. Letr, =

3ry It ry ! where r, > 0 is the parameter in the strong mixing condition. By As-
sumption 3.3, r4 < 1, and by the Bernstein inequality for weakly dependent data in
Merlevede, Peligrad and Rio [(2009), Theorem 1], there exist C; > 0,i =1,...,5,
forany s > 0

P(Zij|>5)<T ( (Ts)r4>+ ( T )
max il >8) <Texp|— exp|l ————
i J PTq PTaa+ro)

(Ts)? (Ts)r+=ra)
+ exp<— exp( p ))
CyT Cs(log T's)™

(B.1)
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Using the Bonferroni inequality,

2
P<,<r1?a})i |Z,J|>s)<K maxP(|Z,J|>s)

Lets =C./(logT)/T. For all large enough C, since K?=0o(T),
Ts)'4 Ts)2 Ts)4(1-r4) 1
TKzexp<—( ) )+K26Xp<—( $) exp<( ) >>:0(—>,
Cq C4T Cs(logTs)" T2
oo~z ) = (72)
Kexpl — ) =0 =).
Cr(14+TC3) T2
This proves part (i).

(i) By Lemma A.2, and Assumptions 2.1(iii) and 3.3(ii), Z,’(i’t = fr,ui; satisfies
the exponential tail condition (2.6) for the tail parameter 2r1r3/(3r; 4+ 3r3), as well
as the strong mixing condition with parameter . Hence again we can apply the
Bernstein inequality for weakly dependent data in Merlevede, Peligrad and Rio
[(2009), Theorem 1] and the Bonferroni method on Z}; ., similar to (B. 1) with the
parameter )/2_1 = 1.5r1_l + L.5rsy Iy ry L. It follows from 3r1 + r2 > 1 and

3r;1 + r{l > 1 that y» < 1. Thus when s = C+/(log p)/T for large enough C, the

term
T2s2 2
K ex <_7)5 -2
PRE\ " ar 1) =7

and the rest terms on the right-hand side of the inequality, multiplied by pK are
of order o( p‘z). Hence when (log p)z/ 2=1 = o(T) (which is implied by the theo-
rem’s assumption) and K = o( p), there exists C’ > 0,

e T

PROOF OF LEMMA 3.1. (i) Since K/IogT = o(+/T), and Amin(Ef,f)) is
bounded away from zero, for large enough 7', by Lemma B.1(i),

(B.2) P( max
k<K, l<p

1
P( TXX/ - Eft t S O.S}\.mln(Eftf;))
1 T
(B.3) > P<K, Ilgli}XK‘? Zfitfjt — Efit fjt| < 0-5)\min(Eftf;)>
1=R.Jj= =1

1
-1-o( L)
Hence by Lemma A.1,

B.4 P (o (T ~1XX)) > 0.5A i (EEE)) > 1 — O :
() (mm( )_- mm( t,))_ - ﬁ .



COVARIANCE MATRIX IN FACTOR MODEL 3347

As b; —b; = (XX')~'Xu;, we have [|b; — b;||> = u;X'(XX')"2Xu;. For C’ > 0
such that (B.2) holds, under the event

I
kafun [ =F }m{xminw‘XX’)zo.sxmm(Efzfm,

2
1 T
Ibi = bl = 5 — Emz Z(T IZZIfkfu,-t)

2
4K
= T (BT 1R ,<p( Zm,,)

- 4K C"”log p
- )Lmin(Eftf;)zT '

The desired result then follows from that P(A) > 1 — O (77 + 7).
(ii) For C > max;<g E fl%, we have, by Lemma B.1(1),

( > IgI? >CK)<P<Kmax

o)

The result then follows from

A= max
k<K,i<p| T

we have

kar Efg

2
+K§(I;a%Efkt >CK>

m<ax—Z|u,t—u”| <max—Z||ff|| b — b
I=p

and part (i).
(iii) By Assumption 3.3, for any s > 0,

2 2
P(maxlif| > 5) < TPt > ) < TK max P(f5; > 5°/K)

crken(-(;5))

When s > C+/K (log T)'/"3 for large enough C, that is, C"3 > 4b§3,

P(max It > CvVK (log T)l/’3) <772
t<T

The result then follows from

max |uj; — ;| = max [(b; —b;)'f;| <max|[b; — b;|| max||f; |
t<T,i<p t<T,i<p i t
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and Lemma 3.1(1). [

PROOF OF THEOREM 3.1. Theorem 3.1 follows immediately from Theo-
rem 2.1 and Lemma 3.1. O
B.2. Proof of Theorem 3.2, part (i). Define
Dy =cov(f;) —cov(f;), Cr=B—B,
=(uy,...,ur).
We have
IZ7 — 2|5 <4IBD7B'[3 + 24|Bcov(DCr' |15,
(B.5) ~
+16]Cr v Cr'IE + 21 E7 — Zuld.

We bound the terms on the right-hand side in the following lemmas.

LEMMA B.2. There exists C > 0, such that:

()
CK?logT 3
P@Dﬁ%>——;§—)=oa‘%
(i)
CKplo
P(Mhﬂ%>-—4g—§g>=CNT‘2+p‘5-

PROOF. (i) Similarly to the proof of Lemma B.1(i), it can be shown that there

exists C; > 0,
log T
<max > 0,2 ) = O(T™?).
i<K T

Hence supg max; <k E| f;;| < oo implies that there exists C > 0 such that

lo gT 5
max >C =0(T 7).
i,j<K|T T

The result then follows from Lemma B.1(i) and that

—Zh Efu

§jﬁt Ejnt EfiEfj:

2

||DT||F<K2<1‘IJlax Zfltf]t_Efltf]t

-+ max
i,j<K

)

1L 1 E
=2 fum D fit = EfuEfii
t=1 t=1
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(ii) We have C7 = EX/(XX’)~!. By Lemma B.1(ii), there exists C’ > 0 such

that
lo
> gp) —o(p?).
T
Under the event

—kat i ,/1°§” }m{xmmw—lXX/)zo.sxmmwftﬂ)},

ICr ||F <4)2 (Ef L )C/sz(log p)/ T, which proves the result since Amin (Ef;f})

min

is bounded away from zero and P(A) > 1 — O(T 2+ p_z) dueto (B.4). O

_kat“zt

t=1

P (max
k,i

A= {max
k,i

LEMMA B.3. There exists C > 0 such that:

®

CKlogp n CKzlogT)

P( IBD7B'||% + B cov(f,)Cly |2
(n B+ IBEVEICH R > < -

=0T +p7);
(i)
CpK?(log p)?

p(ucTcoAvch’n% >

)=oa 2 p,

PROOF. (i) The same argument in Fan, Fan and Lv [(2008), proof of Theo-
rem 2] implies that

IB'S "B <2[lcov(f) || = O(1).

Hence
IBD7B' |3 = p~ ' t(Z7/’BDrB'S " 'BDrB'E " 1/?)
=p~'t(D7B'X " 'BD;B'X'B)
(B.6) —1 Iv—12
<p |IDrB'Z" B|%
< o(p~HID7|3.
On the other hand,

(B.7) |Bcov(HCr'||% < 8T 2|BXX'Cy'||% + 87 #BX11'X'C7’|1%.
Respectively,

IBXX'C7'[3 < p~ ' IXX'CL 27 pICrXX'B'E "B £,
(B.8)
IBX11'X'C, 1% < p~ ' IX1UX'CL 27 £ CoX1UX'B'Z B .
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By Lemma B.1(i), and Ef,f, < co, P(|XX'|| > TC) = O(T~2) for some
C > 0. Hence, Lemma B.2(ii) implies

(B.9) P(IBXX'C7'|% > C'TKlogp) = O(T >+ p~?)

for some C’ > 0. In addition, the eigenvalues of cov(f,) = T~ !XX' — T72X11'X’
are all bounded away from both zero and infinity with probability at least 1 —
O(T~?) [implied by Lemmas B.1(i), A.1 and Assumption 3.4]. Hence for some
C; > 0, with probability ast least 1 — O (T ~2),
IX1UX'|| < |TXX'|| < T*Cy,
(B.lO) I~ 2 -1 I~ 2 2
IBX1I'X'C7lI5; = O(p HIXITX7ICr |-

The result then follows from the combination of (B.6)—(B.10) and Lemma B.2.
(ii) Straightforward calculation yields

plICr cv(HCr'||5; = tr(Cr cov(f)Cr' =~ Cr cov(HCr'E™ )
< |CrevHCr'= 1%
(Z7 A2, (OVE)ICrl[%.

2
=2 max

max

Since || cov(f;)|| is bounded, by Lemma B.1(i), A2 (Cov(f,)) is bounded with

max

probability at least 1 — O (T~2). The result again follows from Lemma B.2(ii). U

PROOF OF THEOREM 3.2, PART (i). (a) We have
IZ7 =Syl =p HIZAE - 2022 F
(B.11) <I=7V2E] -z
<IZ = Zull - Amax(E7H.

Therefore, (B.5), (B.11), Theorem 3.1 and Lemmas B.2, B.3 yield the result, with
the fact that [assuming log T = o(p)]

K lo KZlog T K%(og p)> m2K?lo
gp+ g+p(gp)+r gp

T Tp T2 T
—0 <p1<2(1ogp)2 N m%Kzlogp)
T2 T )

(b) For the infinity norm, it is straightforward to find that
IZ7 = Zlmax < [2Cr cov(f)B' [max + IBD7B'lmax
(B.12) + |ICr cov(£)C7 Imax + 12BD7C7 IMax
+1CrDrCrlvax + 12 — Zullmax.
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By assumption, both ||B|max and |cov(f;)|lmax are bounded uniformly in
(p, K, T). In addition, let e; be a p-dimensional column vector whose ith com-
ponent is one with the remaining components being zeros. Then under the

events ||[D7|max < C/(logT)/T, maxigK,jgpl% ST fiuji| < C/og p)/T,
I %XX/H < C,and max;<,|/b; —b;|| < C/K(log p)/T, we have, for some C’ > 0,

I2C7 cov(f)B'[[max < 2 max |l&;Cr cov(f;)B'e;|
Lj<p

(B.13) < 2max |[b; — b; | [[cov(f,) | max||b; |
i<p J=p

N
<C'k. e
T
/1 / 1 / _1
ei—EX —XX €;
T T <
-1
(7xx)
—1
!
<R s 3 | (73¢) 7]
<C'\/K(logp)/T,

loe T
(B.15) IBD7B'[|Max < K*[Bl3ax/ID7IMax < C/Kz,/%,

IC7 cov(f)C7llmax < max [l¢;Cr cov(f)Cre;|
Lj<p

IC7lIMmax = max
i,j<p

< max

e —EX/
i<p|'T

(B.14)

(B.16) < max ||eCr || |lcov(f) |
lSp
I w2
- C'K~log p
- T

12BD7 Ch|ImMax < 2K?[Blmax|ID7 IMax |C7 lImax

:0(1(2 IIOLT>
T
and

loe T
(B.18)  [|CrD7rChllmax < K2ID7IMax!ICr I3 ax = o(Kz,/ %)

k)

B.17)
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Moreover, the (i, j)th entry of fuT — X, is given by

Gij1(16i1 = wr+/0;j) — 0i = {:Uij’ if [oij] < w1 /6ijs

0ij — Oij, 0. W.

Hence ||fuT — XullMax < max; j<p |oij —0;j| +wr max; j<p é}j, which implies
that with probability at least 1 — O(p~2 + T72),

~ 1
(B.19) 127 — Zulvax < €'k [ =2F.

The result then follows from the combination of (B.12)—(B.19), (B.4) and Lem-
mas 3.1, B.1. O

B.3. Proof of Theorem 3.2, part (ii). We first prove two technical lemmas to
be used below.

LEMMA B.4. (i) Amin(B'Z 'B) > cp for some ¢ > 0.
(ii) [cov(h) ™" +B'EZ B[ =0(p~ ).

PROOF. (i) We have
Amin(B'Z, 'B) > Amin (1) Amin (B'B).

It then follows from Assumption 3.5 that Ay, (B'B) > ¢p for some ¢ > 0 and all
large p. The result follows since || X, is bounded away from infinity.
(i1) It follows immediately from

Amin(cov(f) ™' + B'S. 'B) > Amin(B'Z, 'B). O

LEMMA B.5. There exists C > 0 such that:
@)
P(I@@Z)‘lﬁ ~B'E,'B| > Cpmrk 1"%) — 0<i2 + _>;
(i1)
P(Iiev ™! + BED B > %) - 0(% + i);
(iii) for G =[cov(H ™!+ B'(Z])"'B]!,

S 1
P(IBGB'EH™ !> )= 0(? - —>.
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PROOF. (i)Let H=|B'(27)"'B-B'S;'B|.
H <2|CZ, "Bl +2[Cr((ZD) ™" - Z,)B|
+ B (@) - =B +lICr = Crl
+[Cr(ED ™ =2 NCr .

The same argument of Fan, Fan and Lv (2008) (equation 14) implies that ||B| r =
O(/p). Therefore, by Theorem 3.1 and Lemma B.2(ii), it is straightforward to
verify the result.

(ii) Since ||D7|lF > ||D7ll, according to Lemma B.2(i), there exists C' > 0
such that with probability ast least 1 — O(T72), |IDr|l < C'K./(logT)/T. Thus
by Lemma A.1, for some C” > 0,

o _ log T
P(llcov(f) ™" — cov(f) ™| < C" D7) > P(”DT” <C'K i )

>1-0(T"?),

which implies

log T
(B.20) P<|| ov(f) " — cov(f) | < c”c%,/%) >1—0(T™2).

Now let A = cov(f,) ' +B/(27)~'B, and A = cov(f;) ! + B'E ' B. Then part (i)
and (B.20) imply

R log T I
P<||A—A|| <C"C'K | Oi +CpmrK,| °§p>

1 1
In addition, m7 K+ /(log p)/ T = o(1). Hence by Lemmas A.1, B.4(ii), for some
C >0,

(B.21)

- ~ 1 1
Plinin®) = Cp) = PUR = Al < Cp) = 1= 0( 5 4+ 75 ).
which implies the desired result. R
(iii) By the triangular inequality, |Bl|lr < |Cr|lF + O(,/p). Hence Lem-
ma B.2(ii) implies, for some C > 0,

(B.22) P(IBllr <Cyp)=1-0(T >+ p?).
In addition, since ||, 1|| is bounded, it then follows from Theorem 3.1 that

||(fuT)_1 | is bounded with probability at least 1 — O(p~2 + T~2). The result
then follows from the fact that

1 1
—1N _
PUIGI > Cp) = 0( 5+ 75,
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which is shown in part (ii). U

To complete the proof of Theorem 3.2, part (ii), we follow similar lines of proof
as in Fan, Fan and Lv (2008). Using the Sherman—Morrison—Woodbury formula,
we have

IEH =71
=1EH =%
+ (@D~ =2, )Blovh ™ +B'E) BB E)
+(EDH -z HBleovt) ' +B' (&) 'BITIB'S, !
(B.23) +1Z'B-B)covih ' +B' (1) 'BI"'B'E |
+IZ, B -B)covd ' +B'EH BB’
+ |z, 'B(leovH ! + B (E]) B!
—[cov(h™' +B'E, BT B'Z |
=Li+Ly+ L3+ Ls+ L5+ Le.
The bound of L is given in Theorem 3.1.
For G = [cov(D)~! + B/(Z1)~'B]~!, then
(B.24) Ly<|ED™ =2 IBGB'E)™|.
It follows from Theorem 3.1 and Lemma B.5(iii) that

Pl|L,<C K}/logp >1 0(1 + ])
m —_— — — 4+ — .
2= T T - p2 T2

The same bound can be achieved in a same way for L3. For L4, we have
Ly<|Z;'I*- IB—B|-[B]- G|
It follows from Lemmas B.2, B.5(ii), and inequality (B.22) that

Klogp 1 1
PlLs<C >1—-0(— +—).
(4‘ VT )‘ <P2+T2)

The same bound also applies to Ls. Finally,

Lo < IBIPIZ, IIPIA™ — A < IBIPIZ, M IPIA — AJL - A7) - A7),
where both A and A are defined after inequality (B.20). By Lemma B.4(ii),
A=Y = O(p~"). Lemma B.5(ii) implies P(JA~'|| > Cp~H=0(p~2+T7?).
Combining with (B.21), we obtain

PlLs<C K logp > 1 0(1 + 1>
mrK,| —0(—=+—).
6= T T |~ p? T2

The proof is completed by combining L ~ L.
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APPENDIX C: PROOFS FOR SECTION 4

The proof is similar to that of Lemma 3.1. Thus we sketch it very briefly. The
OLS is given by

b =XX) Xy, i<p.

The same arguments in the proof of Lemma B.1 can yield, for large enough C > 0,

~ Klogp 1 1
Pl max|b; —bi| >C\/| —— =05+ =5
i<p T P T

which then implies the rate of

T T
1 ~ 1
~ 2 2 2
max — Uiy — ;) <max|b; —b;||*= fi .
nax T;:l( it — Uit)” < na Ib; — b; || T;:lll il

The result then follows from a straightforward application of Theorem 2.1.
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