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1. Introduction

The estimation of covariance and inverse covariance matrices in a high-dimensional framework has seen a surge of
interest in the past years. Of these, estimates of the inverse covariance matrix are required in many multivariate inference
procedures including the Fisher linear discriminant analysis, confidence intervals based on the Mahalanobis distance,
optimal portfolio selection, graphical models, and weighted least squares estimator in multivariate linear regression models.
Estimation of the precision matrix in the classical multivariate setting has been studied by Efron and Morris [12], Haff [21],
Dey [9], Krishnamoorthy and Gupta [24], Dey et al. [10], Zhou et al. [43], and Tsukuma and Konno [42].

The natural estimator of the inverse covariance matrix, based on the sample covariance matrix, is well known to be
inadequate in the high-dimensional context. When the dimension is of the same order of the sample size the sample
covariance matrix becomes unstable and has large estimation error. It is also well known that the eigenvalues of sample
covariance matrix are over-dispersed, that is, the eigenvalues of sample covariance matrix are not good estimators of their
population counterpart Marcenko and Pastur [33]. Additionally, in the setting where the dimension of the sample covariance
matrix is larger than the sample size, the inverse of the sample covariance matrix does not exist. An estimator of the precision
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matrix for the multivariate normal distribution based on the Moore-Penrose generalized inverse of the sample covariance
matrix was developed in Kubokawa and Srivastava [27]. Kubokawa and Inoue [25] consider general types of ridge estimators
for covariance and precision matrices, and derive asymptotic expansions of their risk functions. More generally, the idea to
correct (shrink) the eigenvalues of the sample covariance matrix is also found in previous work by Ledoit and Wolf [29],
El Karoui [ 14], Ledoit and Wolf [30] and Donoho [11]. The problem has been examined under many sparsity scenarios, for
example, zero elements of the matrix [2,13,38,6] or its inverse [34,20,37,28,7,36], bandedness [3,4] among others.

Most of the results for improved estimation for covariance and inverse covariance matrices have been developed in the
context of the multivariate normal distribution. In this article we consider a large subclass of the elliptically contoured
distributions. Let (X,U) = (X, U,...,U,;) be n + 1 p-dimensional random vectors having an elliptically symmetric
distribution with joint density of the form

(x,u) > | Z|" V2 g ((x - T ' x—0)+ Z u,-TZ‘_lu,-)

i=1
= 2|72 (r [T k-0 —0)" + 27s]), (1.1)
where X and the Uy’s are p x 1 vectors, 6 is a p x 1 unknown location vector, S = UUT is a p x p matrix and X is a

p x p unknown scatter matrix proportional to the covariance matrix. In the following, Ey, 5 will denote the expectation with
respect to the density in (1.1) and Ej 5, the expectation with respect to the density

x, u) > % |72 E ([ x—0)x—0)" + 27 s]), (1.2)
where
F(t) = » /wf(u)du (1.3)
2 Ji
and
K= / | 2R E ([ 27 (x— 0)(x— 0) " 4+ Z7's]) dxdu (1.4)
RP+k

is the normalizing constant which is assumed to be finite. Note that these two expectations are related since, for any
integrable function H(X, U), we have

KE; o[H(X,U)] = Ep, s[@p. = (X, U) H(X, U)] (1.5)

where

F ((x -0 X -0)+ i U,Tx—lu,)

i=1

@o.x(X,U) = - )
f ((x —OTZ X —-0)+ > foflu,)
i=1

The general model in (1.1) has been considered by various authors, for more details, see Fourdrinier, Strawderman and
Wells [ 19] where the model is viewed as the canonical form of the general linear model. For more on elliptically symmetric
distributions and the various choices of f(-) in (1.1) see Bilodeau and Brenner [5] and Fang, Kotz, and Ng [15]. The class
in (1.1) contains models such as the multivariate normal, t-, and Kotz-type distributions. In the setting of the multivariate
normal distribution, since F = f, we have Eg » = Ej . Improved estimation of the scatter matrix for elliptical distribution
models, from a decision theoretic point of view, has been considered by Fang and Li [ 16], Fang and Li [32], Leung and Ng [31],
and Tsukuma [41].

In this article, we consider estimation of the inverse scatter matrix X ! in (1.1) under the quadratic loss

LEL s h=ua((E-x"?), (1.6)
where £~ estimates X' and tr(M) denotes the trace of a matrix M. By definition, the risk of S1is
RET Z7D =B s [L(E7, E7H], (1.7)

When S is invertible (p < n), the “usual” estimators are of the form aS~! for some positive constant a. Tsukuma [41]
showed that there exists a, such that, a,S~' is unbiased where

2Pl [ ’ 5 -
— p—1,_ /
a, = ag <F(p/2) ; P (=2f(r ))dr> , (1.8)

whereay =n —p — 1and S = UUT. Note that for the normal distribution, a, = dj.
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When S is singular (that is, when p > n) the estimation of X! is more delicate. The reference estimators parallel the case
where S is invertible, however S~! is replaced by S* the Moore-Penrose inverse of S. Consequently, the usual estimators are
of the form a S* for some positive constant a. Note that the choice of the constant a differs from the invertible case. Indeed,
for instance, Kubokawa and Srivastava [27] used a = p — n — 3 when S is not invertible while, in the normal case, the choice
ofa = n — p — 1 corresponds to an unbiased estimator of X!, when S is invertible. In the setting of estimating X under
invariant loss, the results in Konno [23] suggest usinga = 1/(n +p + 1).

In this article, we provide a unified approach of the settings where S is invertible and S is not invertible. To this end,
we use the common notation S* for both inverses since the Moore-Penrose inverse of S equals the regular inverse in the
nonsingular setting. For a fixed positive constant a, we consider competitive inverse scatter matrix estimators to aS™ of the
form

' =ast 456X, ), (1.9)

where G(X, S) is some p x p matrix function. We develop conditions on the function G in order that ﬁ‘c’ Vimproves onaS™*
under the loss (1.6) and risk (1.7). In particular, we find sufficient conditions on G(X, S) so that the risk difference between
aST +SG(X,S)andaS™,

A(G) = R@S* +5G(X,S), 27" —R(as*, 7"
= Ep x [tr ({SGXX,$)}* +2aSTSG(X,S))] — 2Ey 5 [tr(Z7'SG(X, 5))] (1.10)

is non-positive.

For estimation of the inverse scatter matrix relative to the quadratic loss in (1.6), we can address the construction of
improved estimators for both the invertible and noninvertible cases in the unified framework. The paper is organized
as follows. Section 2 develops a novel general Stein-Haff type identity for elliptically symmetric distributions and gives
various forms of the unbiased estimate of the risk difference between aS™ and orthogonally invariant estimators of the
form of (1.9). Section 3 gives examples of the function G(X, S) in (1.9) related to Efron and Morris [ 12] type estimators that
lead to improved estimator of the inverse scatter matrix. Section 4 gives a number of examples of elliptically symmetric
distributions that extend the classical normal theory. Concluding remarks are given in Section 5. The principal technical
tools and proofs are given in the Appendix.

The following notation will be used throughout. The real p-dimensional orthogonal group of real p x p matrices is denoted
Op(R). The p-dimensional Wishart distribution with n degrees of freedom and covariance matrix X' is written W, (n, X). For
any matrix M, vec(M) denotes the vectorization of M and V) is interpreted as the matrix with components (V) = 9/9dM;;.
The differential operator for a symmetric matrix S is Ds = (% (1+ 8y) (VS)U-) and Haff differential operator is defined, for

any p X p matrix function of a symmetric matrix S, H(S), to be DT/z (H(®S)) = tr(i)g H(S)).

2. Orthogonally invariant estimators

To develop analytical dominance properties of the proposed estimators, we need to derive the so-called Stein-Haff
identity for the singular elliptically contoured distributions in (1.1). The Stein-Haff identity was derived by Stein [40] and
Haff [22] for the full rank Wishart distribution and Kubokawa and Srivastava [27], Konno [23], and Chételat and Wells [8] for
the singular Wishart distribution, respectively. A similar identity for the full rank elliptically symmetric distributions was
developed by Kubokawa and Srivastava [26]. The following Stein-Haff type identity, which is proved in Appendix A.2, is an
extension of a result in Konno [23] and Chételat and Wells [8] to the case of elliptical distributions of the form of (1.1). Note
that a similar lemma has been provided in the elliptical case by Fourdrinier, Strawderman and Wells [ 18] through the Haff
differential operator, however they only considered the case where the matrix S is nonsingular.

Lemma 2.1. Let G(x, s) be a p x p matrix function such that, for any fixed x, G(x, s) is weakly differentiable in s and such that
Eo. s [|tr (Z71SG(X, 5))|] < oo. We have

Ep 5 [tr(Z7'SGX,9))] =KEj z [ntr(G(X,$)) + tr (UVyT GT (X, 9))]. (2.1)

Remark 2.1. By noticing that S = SS™* S, an equivalent expression for (2.1) is
Eps [tr(Z7'SGX, )] =KE; z [ntr (STSGX,S)) +tr (UVyr (G'(X,5)ST5))]. (2.2)

An application of the extended Stein-Haff identity in Lemma 2.1, it is immediate to see that A(G) in (1.10) is given by
the following proposition.

Proposition 2.1. The risk difference in (1.10) is

A(G) = Ep x [tr ({SGX, $)}* +2aSTSG(X,S))] —2KE; 5 [ntr (G(X, S)) + tr (U VyT G' (X, 9)]. (2.3)
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A drawback with the risk difference in (2.3) is its dependence with respect to both expectations Ey 5 and E;‘, 5. This is
not an issue for the multivariate normal distribution since Ey 5 = Ej ;.. A remedy to this nonhomogeneity is to use (1.5) in
order to deal with a quantity expressed through the only expectation Ey_5. Clearly, according to (1.5), we have

A(G) = Ep 5 [tr (SGX, ) +2aSTSG(X, S))]
—2E 5 [@o,5(X, U) {ntr(G(X,S)) +tr (UVyr G' (X, 9)}]. (2.4)

However the dependence of the integrand term in (2.4) on the unknown parameters 6 and X through ¢y 5 (X, U) is still
problematic. This dependence can be managed if the density in (1.1) is such that the ratio F(t)/f(t) is bounded, in the
sense that an upper bound for the risk difference A(G) can be found. Then, using this upper bound, sufficient conditions for
improvement of aS™ + S G(X, S) over aS™ can be derived.

In Theorem 2.1 we will require that there exists a positive constant b such that

FO _ . (255)
o)

The ratio f /F is refereed to as the reversed hazard rate. It is worth noticing that, when estimating a location parameter of a
spherically symmetric distribution, a typical class of densities is the one introduced by Berger [1] who assumes that there
exists a constant ¢ > 0 such that

F(t

Q > c. (2.6)

f®

Nevertheless, we will see in Section 3 that (2.6) is also an appropriate class of densities in the covariance and inverse scatter
matrix context. In Section 4 we give some examples of densities satisfying (2.5) and (2.6). Note that, for these examples, the
ratio F(t) /f (t) is nonincreasing and hence b = F(0) /f (0).

Here follows our first result of improvement of aS* + S G(X, S) overaS™.

Theorem 2.1. Consider a density as in (1.1) satisfying (2.5) and assume that |n — p| > 3. Under the conditions
tr((n—1In—pl+3)GX,S)+UV,yr G (X,5)) =0 (2.7)
and
tr (G(X,S)) <0 (2.8)

the estimator aS™ + S G(X, S) improves over aS™ if

tr ({SGX, $)}* +2@S™S —b(In—pl — 3)) GX, S)) <0. (2.9)

Proof. Subtracting and adding the term (|n —p|l— 3) tr (G(X, S)), the risk difference in (2.4) can be written as

AG) = Ep 5 [tr (ISGX, ) +2aST SG(X, 9))]
—2Eg 5 [po. (X, U) {(n—In—p|l+3)tr (GX,S)) +tr (UV,T G (X.9))}]
—2Ep 5 [po.x (X, U) {(In—pl = 3) tr (GKX, S)}] .

With this expression, successively using Condition (2.7) and Condition (2.5), Condition (2.8) and the fact that [n—p|—3 > 0,
it is clear that A(G) is bounded from above by

Eo.s [tr ({SGX, )Y +2(aSTS —b(In—p| —3)) GX.9))].
which is nonpositive if (2.9) holds. O

Note that the constant a in (2.9) is the factor multiplying the projector S S. It may be convenient that S S appears
homogeneously in the improvement conditions. This is specified in the remark below following the same lines in the
proof of Theorem 2.1 and using Identity (2.2) of Remark 2.1. Also note that the conditions for domination depends on the
underlying density in (1.1) through the constant b. Consequently, in the context of inverse scatter matrix estimation the
improvement is not robust with respect to the class of elliptically symmetric distribution as in location parameter estimation
(see Fourdrinier, Strawderman and Wells [18]). This is not surprising since the constant for unbiasedness, a, in (1.8), also
depends on f.

Remark 2.2. Under the conditions

tr((n—In—pl+3)STSGX,S)+UVyr (G'(X,$)STS)) >0 (2.10)
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and

tr(S*SG(X,S)) <0 (2.11)
the estimator aS* + S G(X, S) improves over aS™ as soon as the inequality

tr({SGX,$)*+2@—b(In—p| —3))STSGX,S)) <0 (2.12)
holds.

Theorem 2.1 is particularly appropriate to deal with orthogonally invariant estimators of the form

3, =Hi (L) H (2.13)
through the eigenvalue decomposition of S as

S=H,LH] (2.14)
where L = diag(ly, ..., lnnp) with

>k > >l (2.15)

and where H; is a matrix such that H]T H; = Ip. The dimensions of Hy are specified as follows: whenp < n,H;isap x p
orthogonal matrix (HlT H; = I,) while, when p > n, H; is a p x n semi-orthogonal matrix (HlT Hy = I,). In this last case,
it will be convenient to complete H; by a p x (p — n) matrix H, such that H = (H; H,) is p x p orthogonal matrix (see
Appendix A.3). Note that, when p < n, we will consider that H = H;.

The diagonal matrix ¢ (L) = diag(¢:1(L), ..., ¢nap(L)) in (2.13) is more conveniently expressed as
Sk (L
¢,<(L)=$ fork=1,....,nAD. (2.16)
k

We will assume that

31(L) = 8(L) = -+ = Sunp(D) (2.17)
and are differentiable with
05 (L
;I()zo fork=1,...,nAp. (2.18)
k

Setting S G(X, S) = 5, ' — aS* (note that L = H SH; and L~" = H{ S* H;), we have

SG(X,S) =H, w(L)H] (2.19)
where ¥ (L) = diag(y1(L), . .., Ynap(L)) with

Yi(L) =

Sk(L) —
y fork=1,...,nAp. (2.20)

k
Hence

GX,S) =H L' W()H] =H{ L2 (8(L) — alyp) Hy . (2.21)
In this context, we have the following result for the orthogonally invariant estimators i‘djl in (2.13).

Corollary 2.1. Consider a density as in (1.1) satisfying (2.5) with [n — p| > 3. Assume that Condition (2.17) and Condition
(2.18) are satisfied. Then 251 in (2.13) improves over aS™ as soon as

2b(In—p|—3) —a <&l <a (2.22)

Proof. First note that Condition (2.8) holds since, we have

nAp _
o5y =y “H=0 <
k

i=k

by (2.21) and the second inequality in (2.22). Also Corollary A in Appendix A.3 guarantees that Condition (2.7) is satisfied
under Conditions (2.17) and (2.18) and the second inequality in (2.22).
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Now, as we have

P2 _
tr ({SG(X, $)}* +2aSTSGX,S)) =tr (2;2 —a? (s*)z) = Z M,

2
k=1 lk

the left hand-side of (2.9) is expressed as

p 2 _
tr({SG(X. )P +2[a—b(In— p| + 3 G(X. 5)) =Z{5(L) ‘S"(L)a}

—2b(n—pl+3) =

I
Mw i

—

5 (8(L) —a) (&k(L) +a—2b(In—pl+3)),
1k

=
Il

which is nonpositive under Condition (2.22). O

As a first simple application of Corollary 2.1, consider ﬁ;l = a; ST, with a; > 0, as an alternative estimator to aS™.

Here, as @(L) = a; L™, we have §(1) = a; Inap (so that ¥ (L) = (ay — a)L™1). Corollary 2.1 guarantees that improvement
condition (2.22) of a; S* overaS™ is

2b(In—p|—3)—a<a; <a.

In the normal case (i.e. f(t) o exp(t/2)) and when S is invertible (i.e. p < n), the reference estimator is the unbiased
estimator aS* with a = n — p — 1. As, in this context, F = f, and then Ey » = E; 5, we can take b = 1 so that Condition
(2.22) reduces to

n—-p—-5<a,<n—p-—1.

This is Condition (i) in Theorem 2.1 of Tsukuma and Konno [42].

Note that a natural choice of ais a = b(|n — p| — 3) so that (2.22) holds with §(L) = b(In — p| — 3)Inp. In the normal
setting with b = 1, this choice of a coincides with the one in Kubokawa and Srivastava [27].

Two additional examples that satisfy (2.22), which are generalizations of Remark 2.1 in Tsukuma and Konno [42], set
8Y(L) = a— (2a —2b(Jn — p| — 3))(i— 1)/(n Ap — 1) and §;(L) = 2b(|n — p| — 3) — a+ (2a — 2b(In — p| — 3)i/li11.

3. Efron-Morris type estimators

Theorem 2.1 is not well adapted to some orthogonally invariant estimators, for instance to Efron and Morris [12] type
estimators that are of the form aS™ + B(t)/tSS*, where t = tr(S) and 8 is a nonnegative function. These estimators
correspond, in (2.16), to §y = a + I, B(t)/t, so that Condition (2.22) is not satisfied. Actually, Theorem 2.1 may not apply
to estimators which are not orthogonally invariant such as the following estimators which extend the ones considered by
Tsukuma and Konno [42]. Let Q be a p x g matrix of constants with rank rk(Q) = g and let G(X, U) = B(t)/t ST Qy where
B is a differentiable real valued function, t = tr(S) and Qu = Q (Q" Q)~' Q. We will consider conditions under which
aS*T + B(t)/t S ST Qy improves over aS*. In particular, we will assume that 8 is nonnegative and nondecreasing. Note that,
in the Gaussian case and when p < n, Tsukuma and Konno [42] give similar improvement conditions of estimators of the
formaS~! + B(t)/t Qyover (n —p — 1) S,

For such an example, it is more appropriate to use the Haff differential operator. Thanks to the identity in (2.2) of
Remark 2.1 and Lemma A.1, the risk difference in (2.4) can be written as

A(G) = Ep 5 [tr ({SG(X, $)}* +2aSTSGX, 5))]
—2Ey x [0o.5(X, U) {ao tr (ST S G(X, 5)) + 2D, (S G(X, 5))}]
= Ep x [tr ({SGX, $)}* — 2 (ag g, 5 (X, U) — @) STSG(X, 5))]

—4Ep 5 [po (X, U) D} 5(SG(X, S)] . (3.1)
Now for the Efron-Morris type estimator we have
t
SG(X,S) = ﬁ()ss+Q0 (3.2)

Note that, as S ST and Qg are projectors, their product S ST Qg is a projector as well so that

2
{SGX,9))* = P ()55+Qn (3.3)

and

STSGKX,S) = ﬂ(t) STSStQy = @s*%. (3.4)
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To deal with the term D} 2 (5 G(X,S)), it is convenient to recall that

D} ,(SG(X, S)) = tr(Ds (SG(X, 5))). (3.5)
We have, according to (3.2) and using (A.2) in Appendix A.1,
DsSGX,S) = ﬁ( ) SStQo

&1 } 55+Q0+{ﬂ()1 @5} $STQ

)

SS+Q0+'B( DsSSTQy

{ :
( ) SSTQ+ = ﬁ(t) [Ds55T) Qo+ [SSt )" Qo
= (ﬂit)) SSTQ + —= ﬁ() {DsS5} Qo (3.6)

since {S St :DS}T is a p x p matrix with elements which are linear combinations of d/9S; and Qo does not depend on S.
Hence, according to (3.5) and (3.6), it follows that

D} ,(SG(X,S)) = (ﬂt(t) - @) tr(QSs*) + ﬂ( i tr(Qo DsSS*), (37)
upon expanding (B(t)/t)’. Now substituting in (3.1) the terms in (3.3), (3.4) and (3.7) give
2
AG) = Eg 5 [ﬂ © tr(SS* Qo) — 2 (ao g, 5 (X, U) —a) — ﬁ( ) tr(S* Qo)
—4gy (X, U) (ﬁ t(t) - @) tr(QSS*) — 4y x(X,U) & tr (Qo Ds ss*)] . (38)
At this stage, an upper bound of the left hand-side of (3.8) can be developed. Indeed note that
tr ({SG(X, $))?) = B ® ( ) tr(SSsTQSS* Q)
2
iy tgt) tr(SS* Q)
ﬁ ( ) )
- ﬂz n N
< min(rk(SS™), rk(Qp))
ﬁ (t) . (3.9)
t?
since
tk(Qo) = tr(Qo) = trQ"Q QT Q)™ = tr(ly) =g (3.10)

Hence, assuming that 8(t) is a nondecreasing function of t and using Conditions (2.5) and (3.9), it is clear from the expression
in (3.8) that

2(t) (t)
£ ) P (s

A(G) < E@,E[ q—2(aopexX,U) —a Q)

+4b&q—4¢92(x U)ﬁ()tr(QD:DSSS+):|. (3.11)

In the following results, based on (3.11), we distinguish the cases where S is invertible and where S is noninvertible. If S
isinvertible thenp < n,S* = S~!and Ds S ST = DsSS™! = Ds I, = 050 that the last term on the right hand-side of (3.11)
vanishes. This is in contrast with the case where S is not invertible since, in that situation, p > n,ay < 0 and DsSS™ # 0.
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Theorem 3.1. Consider a density as in (1.1) satisfying (2.5) and (2.6), that is, 0 < ¢ < F(t)/f(t) < b. Assume that S is
invertible and p < n — 3. Assume also that S(t) is a differentiable nondecreasing function of t = tr(S)andag = n—p — 1.
Then aS* + B(t)/t S ST Qq improves over aS™ provided that

0O<a<ayc—2b (3.12)
and

0 < B(t) < 2(apc —2b). (3.13)

Proof. By the assumption, ag > 0, it follows from (3.11) that, according to (2.6),

2
ﬁtgf) ) B®) B®) ] (3.14)

A(G)SEe,x[ q—2(apc— —tr(S Qo)+4b—

Now Inequality (A.74) states here that
tr(Q) g

tr(S) ¢

since H; is a semi-orthogonal matrix. Therefore, as a < ag ¢ according to (3.12), we have
B ( ) Bt)

) — 7

(S~ Qo) =

)

—2(apc —a

tr(S7' Qo) < —2(agc—a)q
and hence it follows from (3.14) that

A(G)<E92|:ﬂt() {ﬂ(t)—z(aoc—a—zb)}} (3.15)
Consequently, according to (3.13), A(G) < 0. O

Theorem 3.2. Consider the density in (1.1) satisfying (2.5) and (2.6). Assume that S is noninvertible and that

p=>3n

withn > 3, (3.16)

b 2p—4n+1

- < (3.17)
c p(A+2/n—mn-1

and
3n+ (b/c—D(P—-—n—1)
1—(2/n) (b/c)

Assume also that B(t) is a differentiable nondecreasing function of t. Then the estimator aS™ + B(t)/t SS™ Qg improves over
aS* provided that

(3.18)

0<a§[(b—c)(n—p—l)+c(q—3n)]g—2b (3.19)
and

0</3(t)<[(b—c)(n—p—l)+c(q—3n)]g—Zb—a. (3.20)

Proof. First note that Condition (3.18)is equivalent to the positivity of the upper bound of ain (3.19). As we have p > g, note
also that Condition (3.17) is equivalent to the fact that p is greater than the lower bound for q in (3.18). Finally, as b/c > 1,
note that Condition (3.16) is equivalent to the fact that the upper bound for b/c in (3.17) is greater than or equal to 1.

Since it can be checked from (3.18) that 2n — q < 0, it results from Lemma A.2 that tr (QO Ds S S*) >0forp>2n-—1,
which is guaranteed by (3.16). Hence, from (3.11), a first new upper bound for A(G) is given by

A(G) 55“[/5 q—2(ab—a)l? tr(s+Q0)+4b%q—4c@tr(qo;osss+)]. (3.21)

Then, from the first inequality in (A.19), it follows from (3.21) that another upper bound for A(G) is

2
A(G)SEQ,;[ﬂt() +4b& —2A’3Et)tr(s+qo)—23ﬂ£t)tr(s+)], (3.22)
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whereA=ab—a+c(p+1-2n=Gb-c)(n—p—1) —cn—aandB=q—2n.AsA < Oand tr(ST Q) < tr(ST),
(3.22) implies that

2(t t t
AG) <Es 5 [ﬂtg ) q+4b —ﬂt(z) q—2(A+cB) —ﬁi ) tr(s+)] . (3.23)
Now, through straightforward calculations, we have
A+cB=b—-c)(n—p—1)+c(@—3n) >0 (3.24)

as soon as Condition (3.19) is satisfied. Then, since (A.73) in Lemma A.4 guarantees that tr(S*) > n/t, we can derive from
(3.23) and (3.24) the following upper bound for A(G):

B*(®) B®) ﬁ(t)} .

According to (3.24), the integrand in (3.25) can be written as

t
ﬂt(z)q{ﬁ(t)—2[(b—6)(n—P—1)+C(q_3")]Z_Zb_a}’

which is negative if Conditions (3.19) and (3.20) are satisfied. Then the risk difference in (3.25) is nonpositive, so that the
estimator aS* + B(t)/t SST Qg improves over aSt. O

4. Elliptically symmetric distribution examples

In Fourdrinier, Mezoued and Strawderman [17], several examples of density in the Berger class (Condition (2.6)) are
provided. Note that Condition (2.5) may be satisfied or not. Note also that, for these examples, F(t)/f (t) is monotone in t,
either nondecreasing or nonincreasing. This ratio is typically nondecreasing when the density in (1.1) is a variance mixture
of normals (in which case ¢ = F(0)/f(0) and b = lim;_, », F(t) /f (t)).

For each of the estimators discussed above, conditions on a and S(t) need to be satisfied in order to attain improvement.
The optimal a can be derived for a particular elliptically symmetric distribution as in Tsukuma [41], however, it requires
numerical work to calculate since there is no closed form expression. The choice of 8(t) is more complicated and can be
taken to be a constant as in the examples considered in Efron and Morris [12] and Tsukuma and Konno [42].

Example 4.1. Let the density in (1.1) be a variance mixture of normal distributions where the mixing variable V has density
g with respect to the Lebesgue measure, that is, for any t > 0,

f(t) /oo vP/2 exp (%) g(v) dv.
0

We have

F(t) [y v P exp () gv)dv
f© [ v P2 exp () g(v) dv
where E; denotes the expectation with respect to a density proportional to v — v~/ exp(—t/2v) g(v). As this density has
increasing monotone likelihood ratio in ¢, E;[V] is nondecreasing in t. Then, denoting by E the expectation with respect to g,
FO _ Jg v g@ydv _ Ev—2]
C = = =
O fFvPlgydv  E[VPR]
provided that E[V /] < ooc.
A typical example of variance mixture of normals is a multivariate t-distribution with k degrees of freedom for which
g(v) oc v¥271 exp(—k/2v). Through the change of variable v = t /u in the integrals in (4.1), it is easily checked that
F@©) _ Jo uPt027 exp (=5 (14 7)) du
PO = T e (<4 (14 1) du
so that b = lim;_, , F(t)/f(t) = oo. Hence Theorems 2.1, 3.1 and 3.2 cannot apply to the t-distributions. However, for a

truncated mixing density g 1jo.4) with A > 0 (normalized by fOAg(v) dv so that it is a real pdf), it is clear from (4.1) that
b = A and is finite. Hence the above theorems apply for such truncated versions and, in particular, for the truncated t.

Note that the well known Kotz’ density corresponding to f (t) o< t? exp(—t/2) is a mixture of normals when the param-
eter q is negative (but it is not when g > 0) with mixing density having a compact support, since it is a beta distribution
with parameter p/2 + q and —q, provided q > —p/2.

= E[V] (4.1)

)
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We give below a few examples where F(t)/f(t) is nonincreasing, and hence for which b = F(0)/f(0) and ¢ =
lime_, o F(€) /f (0.
Example 4.2. Let
exp (=Bt —y)
(1+exp (=Bt —y))?
where 8 > 0 and y > 0. For that function we have
1+e7?

1
c=— and b= .
2p 28

()

Example 4.3. Let

UCRS cosh(Bt+y)

where 8 > 0and y > 0. For that function we have

1 1
c=— and b= E arctan(e™”) cosh(y).

2p
Example 4.4. Let

t
f(t) o (t +A) exp <—5)
with A > 2. For that function we have
c=1 and b=1+ 2
= = i
Now we provide here a last example (which is not in Fourdrinier, Mezoued and Strawderman [17]) for which the ratio

F(t)/f(t) is not monotone.

Example 4.5. Let

1 1
f(t) X m exp <—5 arctan(t — 1)) ﬂ[Q’A]

with A > 1. It can be checked that
F(t)
fo
which is nonincreasing on the interval [0, 1] and nondecreasing on [1, A]. Then it can be seen that ¢ < F(t)/f(t) < b with
¢ =F(1)/f(1) = 1and b = max(2, F(A)/f (A)).

t2—2t+2

5. Concluding remarks

In this paper, we have considered estimation of the inverse scatter matrix under quadratic loss and have derived risk
expressions under a wide class of elliptically symmetric distribution. We proposed a unified approach that can deal with
both singular and nonsingular S. As a by product of our derivations, we developed a new and more general Stein-Haff identity
for the high-dimensional elliptically symmetric distribution setting.

Kubokawa and Inoue [25] consider general types of ridge estimators of the precision matrix and derive asymptotic
expansions of their risk functions. They also suggest ridge function examples so that the second order terms of risks are
smaller than those of standard estimators. Unfortunately, the type of ridge estimators they examined do not fall into our class
of estimators, namely, estimators of the forms aS™ + S G(X, S) or H; ¥ (L) HlT . This seems to be the reason that Kubokawa
and Inoue need to use asymptotic arguments rather than the exact forms as developed here. We plan to examine the
numerical performance of our proposed estimators, for various elliptically symmetric distributions, with other precision
matrix estimators. A comparison with ridge-type estimators would be particularly informative. As pointed out in Section 4,
in order to develop these comparisons some further numerical work is needed to select optimal value of the multiplicative
constant a, for a particular elliptically symmetric distribution.

Our new proof techniques and Stein-Haff identity for the singular elliptically contoured distributions in (1.1) can be
applied to a number of setting. First, the results of Konno [23] for estimating large covariance matrices of multivariate
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normal distributions when the dimension of the variables is larger than the number of samples can be extended to the
case of elliptically symmetric distribution. Next the analysis of the high dimensional James-Stein estimator in Chételat and
Wells [8] can also be adapted to elliptically contoured distributions. The key technical tool in both of these extensions will
be an application of Lemma 2.1.

Another direction would be to consider the problem of the estimation of discriminant coefficients, which arises in linear
discriminant analysis when Fisher’s linear discriminant function is viewed as the posterior log-odds under the assumption
that two classes differ in mean but have a common scatter matrix. The improved inverse scatter matrix estimates developed
in this article will likely give rise to improved discriminant coefficients under the quadratic loss function for the elliptically
symmetric distributions in the case where the number of the variables is larger than the number of samples. Results on the
improved discriminant coefficient estimation are given in Tsukuma and Konno [42] for the normal distribution when the
number of the variables is smaller than the number of samples.
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Appendix

A.1. Differential expressions I

Let U and T be p x p matrices, the elements of which being functions of S = (S;) and let Ds be a p x p matrix, the
elements of which being linear combinations of d/9S;. Tsukuma and Konno [42] recall the following result from Haff:

DUT = (D UYT + (UT D) T. (A1)

In the particular case where Ds = Ds with (Ds)ij = 1/2 (1 + §;) 9/0S;5, we have :DST = Ds so that, if U is symmetric,

DUT = (D UYT + (U D5) ' T. (A2)
Note that
+1
DsS = pTz,, (A3)

since

21 aSjk
(DsS)y = D5 (1+8) 5o
j=1

Sik N 1 & 8Sj

0S| 2 4 05y

1 p
= & + > Z Ski
J#i

p—1

= Ok +

ki

p+1
=Ték,-.

Hence, as S is symmetric, applying (A.2) withU =Sand T = S™ gives

_p+1

ST (S o5)' s, (A4)

DsSST = {DsS)ST + (SDs) " ST
thanks to (A.3).
A.2. Stein-Haff lemma type and differential operators
We give a concise proof of Lemma 2.1 in this subappendix. Note that a similar lemma has been provided in the elliptical
case by Fourdrinier, Strawderman and Wells [ 18] through the Haff operator. However two features are different: they only

considered the case where the matrix S is invertible and presented a lengthy proof. Nevertheless, we follow their lines being
able to considerably shorten their proof. Also note that the invertibility of S does not play any role in the proof below.
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Proof of Lemma 2.1. AsU = (U;, ..., U,)and S = UUT, we have
tr(27'SG(X,5)) = tr (G(X, ) £7'S)

tr (G(X, $HT Y U Uﬁ)

i=1

n
=Y (U 6X. 9 =)
i=1

n
=Y U GX.$) =" U;. (A5)
i=1
Now, using the argument in Lemma 1(i) of Fourdrinier, Strawderman and Wells [ 18], it follows from (A.5) that
n
Ey.x [tr(Z7'SGX,9))] = k D Ej 5 [divy (GT (X, S) Up]
i=1
= kE; 5 [A1 + A2], (A.6)

where

Il
M:
M«:
M'::
g

3

QO
5
=
@

)4
=n) Gj(X.9)
j=1
= ntr(G(X, S)) (A7)
and
LI 3Gy, (X, S)
A= 00 Uni——
i=1 j=1 m=1 Jt

acT X,S)

n p p
:;; ; aU;
p

i=1 m=1

p
=) (UVyrG (X, S))mm

m=1
= tr(U Vyr G' (X, 5)). (A8)
Finally, combining (A.6)-(A.8), we obtain the desired result. O

To deal with the term tr(U Vyr G' (X, S)) it may be convenient to use the Haff operator and the following lemma, where
we give a link between the differential expressions D} ,S G(X, S) and tr (U V7 G' (X, S)).

Lemma A.1. For any p x p matrix function G(x, s) differentiable with respect to s for any x,

2D} ,(SG(X.9)) = (p+ D tr (GKX, S)) +tr (U Vyr G' (X, S)) . (A.9)

Proof. Firstly, we express tr (U V,r G' (X, S)) in terms of S, we have

n )4
U Vyr G, SN = Y > Uy (Vym)ie (G (X, )i

j=1 k=1

L 3(G (X S))kl
- ZZ 3Ulq

j=1 k=
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n

2 Ui

P
2 Ui

d(GT(X.S) 51
8Sr1 3Ukj

Mu

=1

—_
A

r<l|

.

n

A(GT (X, )i
aSrl

Uy + 8 Uy,

LMv |

=1

-
=~
—_

sinceS = UUT. From (A.10) we can write

UVyr G (X,S)i=A+B+C

where

- L I(GT X, )i
A= ZUUZZ(SWUUT

- G X, )
(G (X, S)

p
=2 Zsik Tkk’

. - A(GT (X, 9))i
B= Z U Z Uj —— T

and

k>r

n P T
(G (X, )i
c=Y Uy e
=1 rk
Now it is clear that

p
B+C = ZUUZUIJ 8(6 (X S))kl

=1 kAl Sk
a 8(GT(X S))kl
=D S 3s
Kl ki

Then, substituting (A.12) and (A.13) in (A.11), it follows that

&G 0GT X D 1 . 0(GT (X, )i
tr(UVyrGT(X,$)) =2 S —————— =Y §——
tr(UVy ;:Z " 0Skk 2 kZ;é, ! Sk

Secondly, we have

9(S G(X, 5))ii 9(S G(X, 5));
85,7 Z aSjj

2D7,(SGX,$)) =2

[
-M“

Il
-

i#

||
Mu

P& 3G XS 1L
= (P+DrGX, ) +2) {Zsm et 5 DS
k=1 { i=1 i ij

=P+ Du(GX, ) +tr (UVyr GT(X,S)),

according to (A.14) for the last equality in (A.15). O

2y 9(GT(X, 9))i
(G,,(x 5) +Z st ;S 2 ) +Z (G,,(x S)+ Z Si
i=1 i i

z (G (X, $))
3S;
(G (X, 9))
35y

)

(A.10)

(A.11)

(A.12)

(A.13)

(A14)

(A.15)
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We now deal with the term tr (Q() Ds S S*) considered in Section 3. As partial derivatives with respect to the S; are
involved, recall (see, for instance, Chételat and Wells [8]) that

ast as as
=-St—s*+ (@, —ss+) s+ St +Sstst— (1, —SS™). (A.16)
aS;i dS; aS; dS;

As a preliminary result note that for any p x p matrices A, B and C, we have

M=
]

(14 63) (A 8—5 B) = 1 tr(diag(A) diag(B C)) + 1 tr(A) tr(BC), (A17)
851‘]‘ il 2 2

where, for any p x p matrix M, diag(M) is the diagonal matrix formed with the diagonal elements of M. Indeed, denoting
by t the left hand-side of (A.17), this term can be expanded as

p

DD UDRUETID WD ob- 3
p p )4 1

= ZZCH (Z 5 (1 + 51‘]’)Ajj> By,

since

pp
T = Z Z Ci % (Aii + tr(A)) By
.l p p -1 )4 )4
=5 ZAH Z Gi By + 3 tr(A) Z Z Gii Bil

=1 i=1 I=1
1 b )4
=5 2 AiBO+ tr(A)i;(Bcn,

which is (A.17).
From the above, the following lemma can be derived.

I\
_-

Lemma A.2. For Qy as in the first paragraph of Section 3, we have
p+1—(Ap)
2

- % tr (diag(S™) diag(Qo S S™)) — % tr(S*) tr (QSs™)

tr(Q DsSS*) = tr(Qs™) + % tr (diag(S™) diag(Qo)) + % tr(sT)

1
-5 (diag(SS™) diag(Qo S™)) . (A.18)
Furthermore, if S is noninvertible, we have
tr(Q DsSST) >0 (A.19)
as soon as
p=q=2n (A.20)

Proof. First note that when S is invertible the left hand-side of (A.18) equals 0, this agrees with the fact that the right hand-
side of (A.18) does not depend on S.
According to (A.4), we have

P+

tr(Q DsSST) = tr(QsS*) +tr(Q{So}'s). (A21)
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the second term of (A.21) being expressed as

p P
tr(Q{SD}'ST) =) > (Qi({s D} SHa
=1 i=1
L ast
= ZZ(QMHZ ( +&,)< 75 ) (A22)
=1 i=1 j=1 ij
Applying (A.16) it follows that
as* as as
= —SST— St 4+ (S— sss*) s+s++ss+s+—(1 —Sssh
dS;j dS;j dS;i dS;j
s as as
=SSt ——st4st _— st _— 55t (A23)
dS;j aS;; aS;i

sinceSSST =SSTS=SandSS*ST =St SST = S*. Hence, from (A.21) and (A.23),

o LS L 0S L 0S
tr(Q{SD}'s ):ZZ(QO)hZ*(l'F&'j) —SST ST ST o st ss
=1 i=1 j=1 ij i y jl
= %tr (diag(s ™) diag(Qo S™)) — 5 r(Ss*) tr(Qs™)
1
—l—%tr(dlag(S*)dlag(Qo) +ou r(s*) tr(Qo)
- %tr (diag(SS™) diag(Qo S*)) — %tr (S5T) tr(QoS™) (A24)

by applying (A.17) with C = Qp and, successively, A = —SS*,A = S*,A = —S*,and B = S*,B = I,, B = SS*. Recalling
that tr (Qo) = gand tr (SS™) = n A p and gathering (A.21) and (A.24) give (A.18).
As for Inequality (A.19), note that

tr (diag(A) diag(B)) < tr(A) tr(B), (A.25)
for any positive semidefinite matrices A and B. As S is noninvertible, (A.18) becomes
1— 1
tr(Qo DsSS*) = p—’_%tr (QS*)+ St (diag(s™) diag(Qp)) + 5 tr(s*)

1 1
-t (diag(S™) diag(QoSS™)) — St (S*) tr(QsSs™)
1
- (diag(S ™) diag(Qo ST)) (A.26)
and applying (A.25) in (A.26) successively withA = ST, B =QySSTandA =SS",B = Qy ST gives

p+1—n
2

tr(Qo DsSS*) > tr(QS*) + ftr(dlag(5+)dlag(QD)) 2 tr(s*)

—tr(S*) tr (QSst) — %tr (S57) tr(QoS™)

1
> (% - n) tr (Qo 5*) + 5 tr (diag(s™) diag(Qo)) + (g - n) tr(s*), (A.27)
gathering the common terms and using the fact that
tr(QSs*) =1k (QSS*) < min(q,n) <n.

Finally, it is clear from Condition (A.20) that the first term and the third term of the right hand-side of (A.27) are nonnegative.
As the second term is nonnegative as well, we obtain Inequality (A.19). O

A.3. Differential expressions I

In this subappendix, we present a unified approach to calculus on eigenstructure for singular and nonsingular sample
scatter matrices necessary to develop Stein-Haff identities for the elliptically symmetric distributions. Results similar to
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these are given in Konno [23]. We treat both the singular and nonsingular cases in a unified manner as well as fill-in many
of the analytic details of the delicate proofs.
Recall, from (2.14) in Section 2, that the sample covariance matrix S has the eigenvalue decomposition S = H; LHlT

where H; is a matrix such that HlT Hi = Ijnp. Whenp < n,H;isap x p matrix in O, (R) (i.e. HlT H; = I,) while, whenp > n,
Hy is a p x n semi-orthogonal matrix (i.e. H1T H; = I,,). In the case where p > n, we complete the semi-orthogonal matrix
H; by ap x (p —n) matrix H, such that H = (H; H,) is ap x p matrix in O, (R) (see Srivastava [39]). Then, setting

i _ L On>< (p—n)
—\0 0 ’
(p—n)xn (p—n)x(p—n)

we have
HLH" =H,LH] =S5. (A.28)
Note that, by orthogonality of H, it follows that

HT
I = HH = (Hi Hy) (,}) = HiH{ + HH;
2
which implies

HH, =1, — HH; . (A.29)

In the case where p < n, there is no matrix H, to consider so that we set H = H; and we havel = L.
Note also that, expressing the (i, j) term of the matrices, for any p x p matrix A, we have

. A,‘jl]‘ ifj:l,...,n/\p
(AL)j =10 ifp>nandj=n+1,...,p (A.30)
0 ifi,j=1,...,pandi#j.

and
~ l,’A,‘j ifiz],...,n/\p
(LA)j =10 ifp>nandi=n+1,...,p (A31)
0 ifi,j=1,...,pandi #j.
Furthermore,

(H{ AHy); ifi,j=1,...,nAp
(H"AH)j = {(H, AHy);j ifp>n,i=n+1,...,pandj=1,...,n (A.32)
(H{ AHy); ifp>n,j=n+1,...,pandi=1,...,n.
Finally upon differentiating and by orthogonality of H, we have
0=d(l,) =dH"H) =dH")H +H"d(H) =0
so that
d(H")H = —HTd(H). (A.33)

Recall that, for two p x n matrices A and B such that B is a differentiable function of A, d(B) is the exterior product of the
elements of B so that, dA;; being the dual basis of 9/dA;;, we have

P I, 9By
dBu =) oA (A34)
i=1 j=1 i

for1 <k <pand1 <! < n(see Muirhead [35, Chapter 2]).
In the following lemma, we give expressions of the generic elements of the matrix H ' d(H) in (A.33).

LemmaA.3. Leti,j=1,...,p. Fori=j, we have

(H"d(H)); = 0. (A35)
For i # j, we have that (H' d(H));; equals

[H{ (dU)UT +UdUT)} Hy]

Cdfij=1,....,nA
- g i p

ifp>ni=n+1,...,pandj=1,...,n (A.36)

% [H {dW) U™ +UdU D} Hi];

i)
1
— [H{ {d)UT + Ud(U ")} H,] ifp>nj=n+1,...,pandi=1,...,n.

l; i
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Proof. First, as the diagonal elements of a matrix are those of its transpose, foranyi = 1, ..., p, we have
(H—r d(H))n‘ = ({HT d(H)}T)n‘ = (d(HT)H)n‘ = _(HT d(H))ii’
according to (A.33). Hence (A.35) holds, which is the first result of Lemma A.3.
Now, thanks to (A.28), we have

dS) =dH)LH" +HdOH" +HLdH"). (A.37)
Then, multiplying respectively by H' and by H the left hand-side and the right hand-side of (A.37), we obtain
H"d(S)H = H'd(H)L+d(L) + Ld(H")H
= H"dH)L+d(@) —LH" d(H), (A.38)
according to (A.33). To express the (i, j) term of the matrices in (A.38), use (A.30) and (A.31) with A = HT d(H) and the fact

that

di. = Jdi ifi=jandi=1,....nAp
=10 ifi#jor,whenp>n,i=n+1,...,porj=n+1,...,p.

For i # j, we have

HTdH)); ;—1) ifi,j=1,...,nAp

HTdH)); |; ifp>n, j=n+1,...,pandi=1,...,n
HTdSH”: ( ijlh s ) i B 5
(H™dS) Hyy (HT d(H));ili ifp>n,i=n+1,...,pandj=1,...,n
0 ifp>n,i,j=n+1,...,p,
so that it follows that
1 T
p I(Hl dS)Hy); ifi,j=1,...,nAp
j— b
1
(HTd(H)),-jz I(H;d(S)Hl),-j ifp>n,i=n+1,...,pandj=1,...,n (A.39)

]

1
?(Hle(S)Hz)y ifp>n,j=n+1,...,pandi=1,...,n.
i

AsS = UUT, replacing d(S) by d(U)UT + U d(UT) in (A.39), gives (A.36). O

Lemma A.3 is applied to obtain the partial derivatives of the diagonal elements of L and of the elements of H with respect
to the generic elements of U.

LemmaA4. For1<m<nAp 1<j<nand1 <i<p, wehave

Il
Uy

p
=2 (H)imUy(Hm- (A.40)

k=1

Also, for 1 < c,a,k <pand1 <1< n, we have

dHg A+B ifp>n
= : A4l
Uy A ifp<n (A41)
where
A= % a Hai [Hci Hmk + Hck Hmi] Uml (A42)
- — I — 1
i#k m=1
and
P & Hyi [Hei Hie + Her Hini] Upny
B — Z Z at cl mK cK mi m . (A43)

i=n+1m=1 Ik
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Proof. Let 1 <m < n A p.Using (A.28)and d(S) = d(U)UT + Ud(UT) we have
AL = (H{ d(S) H1)mm
= (H{ [dU)U" +UdU ) H1)mm
= (H dU)U" H)pm + {H] UdUT)H1} ) um
=2(H] dU)U" H)mm

p n p
=2 Y (Hmi (@U) (Ui (H)im

i=1 j=1 k=1

n

p p
2 Z Z Z(Hl)im Uj (H1)km dUj

i=1 j=1 k=1

n

p
= Z 2 Z(H])lm Uk] (Hl)km dUU

i=1 j=1 k=1
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As,for 1 < m < n A p,we have L, = I, Equality (A.40) follows, forany 1 <j < nandany 1 <i < p, according to (A.34).

Now, since HH " = I, we can write

p
dHye = (HHd(H))a = Y _ Hai(H T d(H)),

i=1

which can be expressed, in the case where p > n, as

dHg, = ZHH,(HTMH))m + Z Hai(H " d(H))i-

i=n+1

In this last case, applying (A.35) and (A.36) in Lemma A.3, we have
dHy =A+B
where

A= ZHG,{

i#k

1 [HTdW)U H)w + (HTUdUT) H)y ] }
k — 1

and

p
B= Y H {% [HTdW)UTH)y + (HT Ud<uT>H>,-k]} :

i=n+1

Now, expanding (A.47) gives

n 1 n b
A= Z Hy;i { I ] Z Z [Hci dUcl Ui Hke + Hek dUcl Uni Hmi]
k— 4

i#k c=1 I=1 m=1
p n n p 1
= Z Z Z I I Hy; [Hclek + He Hml] Uni dUcl
c=1 1=1 ik m=1"'k —H
while (A.48) equals
p n
B= Z Z { Z Z Hgi [Hei Hyge + Her Hini Uml} dUcl
c=1 I=1 li=n+1m=1 i

Finally, by combining (A.49) and (A.50), we obtain that dHg equals

p n 4 P
Haz [HClek + Hckal]Uml Hai[HciHmk + Hckai]Uml
Yoy Ay ettt 37 3 aw;

=1 1=1 | i 1 m=1 i=n+1m=1 i

which is (A.41) in the case where p > n, according to (A.34).

(A.44)

(A.45)

(A.46)

(A47)

(A.48)

(A.49)

(A.50)
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The result for the case p < n is easily deduced by following the same steps and using (A.44) instead of (A.45) for the
differential operator dHg,. O

An application of Lemma A4 to the critical term (UVy7) "Hy (L) H{ gives the following result.

Lemma A.5. For any diagonal matrix ¢(L) = diag(ei(L), ..., @anp(L)) and for 1 < 1i,j < p, the generic term B; =
{UVyT Hyo(L) H1T}U of the matrix U Vyr Hy ¢(L) H{ equals

. 30q(L)  ~x bg(L) — lppp (D) L 2 )
Z{ G4 3 PP Y Hoy Y e P>
q=1 q q

b#q b=n+1 q=1
: Bga(0) < by (D) — o (1) .
> ol 3 e fp=n
q=1 a b#q a= b

Proof. First, we deal with the casep > n.For1 <1i,j < p, we have

{UVyT) THipH] Z(Uvmk,(HﬂpHT)k, =51 +5+5s,

k=

where
p n
¢q(L)
:ZZ Ug (H 1)kq q (H1)jq (A51)
k=1 Lg=1
abv d(H1)k
=y Z 1‘ ? (L) (H)jg. (A52)
k=1 l,q=1
and
abv d(Hy);
Z Z ki (H1)kq 9q(L) el . (A.53)
=1 =1 aUj
To expand the S;’s terms, we use the decomposition L = H' S H and the fact that
0 ifi#j
Li=1{L ifi=j (A54)
0 ifi>n+1.

First, as for (A.51), we have

P (L) Al
= U (Hy) 2 (H)jgs
k; Z: kI\I11 ) kq Z Blm 3U,z 1jq

m=1

so that, using (A.40) in Lemma A.4, we can write

¢ (L
Sl Z Z Ukl(Hl)kq ‘pq( )2 Z(Hl)tm q3l(H1)q3m(Hl)]q

k=1 l,q,m=1 lm q3=1

p deg (L
— Z Z (H])kqskq3(Hl)lm(H1)]q (pq()

k.q3=1¢q,m=1 n

dpq(L)

=2 Z Lam (H1)im (1) =5

q,m=1

n

0 om(L
=2 Z] I %(Hmm Ho)jm (A55)

since S = UU " and thanks to (A.54).



D. Fourdrinier et al. / Journal of Multivariate Analysis 143 (2016) 32-55

As for S, in (A.52), applying (A.41) in Lemma A.4, we have

[Hiq, Hig, Hyyq + Hg, HigHgyq, 1Uqy1
S = ZZU’“ (Hl)Jqfﬂq(L){Z Z 01 gy qul _l«h ighgyq,1Yq,
q q1

=11,q= 4174 G2=

p p
[Hkquiquzq + Hkq1Hquqzq1]qul
DY 3

q1=n+1qy=1

p n n p
[Hyq, Hig, Hg,q + Hiq, HigHg, g, ]
ZZ(Hl)J‘qSqu%(D{ZZ ka1 Hig, qlth_l a1 HigHgy g,
g~ lgy

k=1 g=1 179 @2=1

i i [Hl<q1Hiq1 Hqu + Hkth Hquqzm] }
lq

q1=n+1g2=1

L 1 & $qll) (L)
= Z Z Z _1 [HjqSkq, Hig, Hig, Hgyq + HiqSkq, Hig, HigHgy g, ]
aFqqp=19 N

p p

(pq(L)

+ [qusquHkquim quq + qustszququqzm]
qi=n+1g2=1 ly

n n
¥q(L)
= [LquJqum + Lq1q1ququ]

lg —
a=1q1#q 4 lo,

‘/’q (D
+ Z [Lg,qHjgHiq, + lg, HjqHig]-
q=1q1=n

Then, using (A.54), we can see that S, reduces to

Xn: Z H Il—IlqE“l(pq(L) Z Z qulqul ;’wa (L)
a1

l
q=1q1#q a=1q1#q a

Similarly, S5 in (A.53) can be expressed as

Hig,Hq,q + Hig, HigHgyq,1
S3 = Z Z Ui (H1)kgpq (L) [Z Z Hjq, Hig, qlzqq_ Iquql 9241 Uy,

=11,g=1 7179 2=1

)4
Hij'mHlqu + HJmquHlqul]
DIP> :

q1=n+1qy=

») Hig,Hgpq + Hiqy HigHgyq, 1
= ZZHququgﬂq(L) {Z Z Hjg, Hig, qlzq_l g ©h
9 n

k=1 g=1 G174 42=1

p
+ Z Z Jq1Hiq1quq+HJQ1H quq1]}

q1=n+1¢qp=1 Iq

- i i HigSkq, 9q(L)Hjq, Hig Hgyq
lq - llh

Mu

=
Il
-

a
Il

1 q17#q g2=1

u Xn: Z Hkqsqu‘pq(L)HJLnH qHaq1
q=1 q1#q g2=1 ly = lg,

n p

P
)
k=1
i k’: Z i Hkqsqu%(L)HJqlthlquq
P
>

i Z Hkqsqu(pq(L)HﬂhH HQZ‘h

51

(A.56)
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Z Z l qule%(L) Z Z quleth%(L)
lg — Iy

q=1q1#q q=1q1#q la,

p
+Z Z lH]qul(“(pq(L) Z Z qul(pq(L) HI

q=1 q1=n+1 qg=1 q1=n+1

=303 ot lq‘”"(” £ HoHaw, (A57)

=1 q1#q q=1 qq=n+1

where the last equality is due to (A.54). Finally, gathering the above expressions of Sy, S, and S5 in (A.55)-(A.57), we obtain
the desired result when p > n. The case p < n is easily deduced, following the same steps, by replacing “n” by “p” and by

removing the sum qu—nJrl O

Thanks to Lemma A.5, the following proposition provides an expression for the quantity tr(n GX,S)+UV,rG'(X,S ))
in the case where G(X,S) = H; L' ¥ (L) H, .
Proposition A.1. Let ¥ (L) = diag(y1(L), . .., Yarp(L)) and G(X, S) = H, L'y (L) HlT. We have
tr(nGX,$) + U Vyr GT (X, S))

B i vfk(L) 5 D) i wka) WL) (A58)
lk 8l/< c '
b=k
Proof. Note first that
nAp ] L
tr (GX,S) =tr (L' w(D) = Z w’( ) (A.59)
so that we will have to calculate
nAp
tr(UVyrG'(X.S) =) By (A60)

where, Bjj is defined in Lemma A.4 with ¢(L) = L=1 @ (L), that is, with ¢ = Y (L) /Iy, for 1 < k < n A p. We have, according
to Lemma A4,

Ci+Dy ifp>n
Bj = {Cu ifp<n (A61)
where
nAp nAp —1
o) (L) by I, — ¥ (L)
Cr=3 HuHy 12 ( D D)y AN (A62)
k=1 K k b#k k b
and
Djj = Z HmH]waka) I (A63)

b=n+1
Note that, for 1 < k < n A p, the following bookkeeping identity holds

% by I = Ly I _ % b Y (L) — L Yrp (L) + I Y (L) — I Y (L)
e be—1y e le (e — 1)

i’i Yi(L) — ¥ (L) i’i 1/f:<(L)

bk be =1y bk
R (L L
_ Z‘/’kl() lllfb A — 1] Wl;( )
k — k

bk
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Therefore (A.62) equals
nAp nAp
¢ = ZHlkij 3%( ) AP +1] 1ﬂk’(L) Z 1//k(L’) V(L)
i b#k i
nAp
=Y Huv; (D H
k=1
= (Hi¥* (L H)y, (A64)
where ¥*(L) = diag(y{ (L), ..., ¥,,(L)) with
nAp
VL) =2 a‘/;k( ) (1 A p) + 1] Wk(L) Z 1/fk(L) Iﬁb(L) (A65)
bek Ik

fort<k<nAap.
Now we deal with the quantity in (A.63) which involves p > n. Recalling the decomposition of H in (A.28), we have

Dj = (HyHy) )y tr(L™ " ¢ (L)) = (I, — HiH{ )y tr(L™ " ¢ (L)), (A.66)

according to (A.29).
Gathering (A.64) and (A.66) in (A.61) gives

S {(H1 WL H )i+ (I, — HH ) tr(L (1)) ifp>n (A67)

(Hy w*(L) Hy )y ifp <n
and hence (A.60) can be written as

* _ -1 i
R R N R

which is equal, according to (A.65) and to (A.59), to

Xﬂﬁmm+Fmﬂkﬂmm+me—mm}ﬁww

— aly Ik ok I — 1y

9 Oy (L) e - Y — YD) .
Z{z o —[p+1]+2} ifp <n.

k=1 i bk e =1y

(A68)

Finally, after simplifying, (A.59) and (A.68) yield (A.58), which is the desired result. O
Applying Proposition A.1 to ¥ (L) in (2.20) gives rise to the following corollary.

Corollary A. Let ¥ (L) be as in (2.20). Then
[n— (In—pl — 3)]tr (GX, S)) + tr (U Vyr GT (X, S))

_ % 2 35, (L) i’i {8 (L) — a} /I — {85 (L) — a}/1p
I, ol k=1

(A.69)
bk

which is nonnegative under Conditions (2.17), (2.18) and the second inequality in (2.22).
Proof. It follows from (A.58) and (A.59) that
[n—(In—pl —)]tr (GX,S)) +tr (UVyr G (X, S))

nAp nAp
_E:[wM) , VD) z:mm ww1 A70)

- Ik dly

b#k i
Now, by (2.20),fork = 1,...,n A p, Y (L) = (6 (L) — a) /I, so that
W@ _ 194D  a—&D)
ol I, Ol lﬁ

and the terms v, (L) /I, cancel in (A.70), which gives (A.69).
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As for the sign of (A.69), note first that, by Condition (2.18), the derivative terms on the right hand side of (A.69) are
nonnegative. We will see that the other terms are nonnegative as well, so that the quantity in (A.69) is nonnegative. Indeed,
fork =1, ..., pandfor b # k, we have

1 Sk(l) —a Sp(l) —a _ Sk Iy —aly — Sp(L) I + aly
[ - } B ey (e — )

_&@ =&ML a

kil (k=) el

by Bk(L) — (L)) — S (L) (k — Ip) 4

le =1y I Iy

e ly (e — 1p) I by
S —8p(L) | a— (D)
I (I — 1p) I Iy

v

0,
according to (2.15), (2.17) and the second inequality in (2.22). O

A.4. Matrix and trace inequalities

Through the singular value decomposition in (2.14), we have S* = H; L™! HlT and for any p x 1 vector x it can be seen
that

T T AT =1 ,4T pszpsz THlH;r
X'STx=H DL H =) ~(H x> —— (H{ 07 =x" —Lx. (A71)
— = tr(L)
=1
Therefore, it follows that
HyHT
st> 1L (A72)
tr(S)
and hence,
tr(Hy H nA
trsty > THiIHD) _nAp (A73)
tr(S) tr(S)
Similarly, we can show that
tr(H; H tr(SSt
tr(s* Qo) > THIA Q) ST Q) (A74)

S o)
SinceQ=QQ'Q)'Q"
(st Q) =tr(Q QT QT sT R @T Q)
and since, settingx = H] Q (Q" Q)= /2y, forany p x 1 vector y, it follows from (A.71) that
[Hf QQ"Q)"?]"ST[H/ Q Q" Q)]

T Ay—=1/21T o+ T Ay—1/2
[QQ Q" 1'ST[Q@Q Q) " ]=> )
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