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Introduction



The model

Consider the following additive model
Y=M+E  E~EOm,Imn®I) (1.1)
where

e Y is an observed m x p matrix
e M is an unknown matrix of parameters

rank (M) =g < mAnp. (1.2)

e & is an elliptically symmetric noise with unknown scale matrix
(invertible) X.

We assume that £ has a density w.r.t the Lebesgue measure in RP™
of the form

e X7 f{tr (e X'},

for some function f (called the generating function).
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The model

The Gaussian case ¥ = o2 I, (¢ known)

[1] E. J. Candes, C. A. Sing-Long and J. D. Trzasko. Unbiased risk
estimates for singular value thresholding and spectral estimators.
IEEE T. Signal Process, 61 : 4643—4657, 2013.

Extension to the elliptical case (X known or unknown)

[2] S. Canu and D. Fourdrinier. Unbiased risk estimates for matrix
estimation in the elliptical case. Journal of multivariate analysis 158 :
60-72, 2017.

Applied setting

[10] H. Ji, C. Liu, Z. Shen, and Y. Xu, Robust video denoising using
low rank matrix completion. 2010 IEEE Computer society conference
on computer vision and pattern recognition, 1791—-1798, 2010.
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The canonical form

Thanks to (1.2), there exists a m x (m — q) semi-orthogonal matrix
Qo> such that
QAAM=0.

Complete Q. with Q; to form an orthogonal matrix Q = (Q; Qz). Then

T T
(@) () (G0
2 2

The density of QT £ is the same as that of £. It follows that the density
of (ZTUT)T =Q"Yis

(z,u) — [Z7™2f[uf{(z-0)Z "(z—0)"} +u{=Z"u" u}]. (1.3)




Why the canonical form ?
Recall that
Qr\., (Z\ (¢ -
@)r-)-()-o

- Inference on the m x p matrix M is reduced to inference on the
g x p matrix 6 ;

- Inference on the p x p matrix X relies on the (m — q) x p matrix U;
- Both have low dimension than the m x p observed matrix Y.
Note that
S=U"U
is a sufficient statistic for ¥ and may serve as an estimate of ¥..
Note also that S is invertible when p < m — g and is non—invertible

when p > m—q.
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Related expectations

Let

1 [ 1 [ _,
F*(t):f/ f(v)dv and F**(t):f/ F*(v)dv.
2 J; 2 Ji

Bellow E, 5 will be the expectation w.r.t (1.3), E; s the expectation
w.r.t

(z,u) — %|Z‘—m/2 Flu{(z=0)Z ' (z—0)"} +u{="u" u}]
and E;’;- the expectation w.r.t
(z,u) — %m*m/? F*[u{(z— )X (z—0)"} +u{="u" u}]

where K* and K** are normalizing constants.
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Subclass of Berger densities

We consider the subclass of densities such that

0<c§,-;g)§b.

Examples :

- The logistic type distribution
(1) o« exp (=Bt —7)
(1+exp(—Bt—7))°

where 8 > 0 and v > 0. Here

B 1 _(1—|—e‘7)
C_ﬁ b_T.

- The Gaussian distribution : ¢ = b= 1 since F* = f.

[5] D. Fourdrinier, F. Mezoued, and W. E. Strawderman. Bayes
minimax estimators of a location vector for densities in the Berger

class. Electronic Journal of Statistics. 6 :783-809, 2012.
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Stein Phenomenon

In the following, we set n=m — q.
In the Gaussian setting, James and Stein

[9] W. James and C. Stein, Estimation with Quadratic Loss.
Proceedings of the Fourth Berkeley Symposium on Mathematical
Statistics and Probability, 71961.

show that the usual estimators of the form
$.=aS where a>0,

are inadmissible in

e the high dimensional setting (p > n)
e the low dimensional setting (p < n) for p < n

This phenomenon extends to the elliptical case.
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Our objective

In a unified approach (p > net p < n), we aim to improve
$.,=aS where a>0,

by alternative (general) estimators of the form
Y.6=2a(S+8SS"G(Z,9)),

where St is the Moore-Penrose inverse of S and SStG(Z, S) is a
correction matrix.

Evaluation of theses estimators will be made
e under the quadratic loss
LT, %) =t(Z7'S — )3,
e under the data—based loss

Ls(Z,8) =u(STZ ('S - I)?).
] R R R E—————m——————————




Previous works

The Gaussian case :

Konno (S non-invertible, quadratic loss)

[11] Y. Konno, Shrinkage estimators for large covariance matrices in
multivariate real and complex normal distributions under an invariant
quadratic loss. Journal of Multivariate Analysis, 100 : 2237-2253,
20009.

Tsukuma and Kubokawa (A unified approach, Stein—loss)

[14] H. Tsukuma and T. Kubokawa, Unified improvements in
estimation of a normal covariance matrix in high and low dimensions.
Journal of Multivariate Analysis, 143 : 233—248, 2016.

The elliptical case :

Kubokawa and Srivastava (S invertible, Stein-loss)

[12] T Kubokawa and M. S. Srivastava, Robust improvement in
estimation of a covariance matrix in an elliptically contoured
distribution, The Annals of Statistics, 27 : 600-609, 1999.




General estimators



2. General estimators

2.1 Estimation under a quadratic loss

11/4!
Estimation under a quadratic loss



Estimateurs alternatifs

Consider the quadratic risk

When £ = 3, = a§, the best constant a is given by

1
S ee————————
°T K*(n+p+1)
Consider alternative estimators of the form

2.6 = (S+SSTG(Z,9)),

where SSTG(Z, S) is a symmetric correction matrix.
The estimators 3, g improves over 3, as soon as
A(G)=R($4,6. %) — R(%a,T) <0

for all &, with strict inequality for some ¥.

2/4!
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Finiteness of the risk difference

Proposition 1
Assume that E » [tr (= 8)2] <ooand Ey s [rf(X7'8STG)?] < oo.
Then
A(G) = & E, 5 [tr (Z7'SST(2S+ G)T'SSTG)]
—2a,Ey 5 [tr (£7'SSTG)] < .

Under which conditions on G this risk difference is
non—positive ?

Estimation under a quadratic loss Estimation under a data—based loss



Our approach

Replacing the integrand term of A(G) by a random matrix 6(G),
which does not depends on ¥~ such that

A(G) < E, 5 [5(G)].

A sufficient condition for A(G) to be non—positive is that 6(G) is
non—positive.

To this end, we rely on the following Stein—Haff type identity.

14/4.
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A Stein-Haff type identity

Lemma 1

Let V(z,s) be a p x p matrix function such that, for any fixed z,
G(z, s) is weakly differentiable with respect to s. Assume that
Ey5 [|tr (E7'8 ST V) |] < cc. Then we have

Eyx [r(E'8S V)] = K*Ej 5 [tr (n— (oA ) —1) STV
+255T D{SSTV}T)].

Here, Dg is the Haff (differential) operator with generic terms

1 0

dj = 5(1 +6ij)87-8jj

with 6 = 1 where i = j et §; = 0 where j # j.

Estimation under a quadratic loss Estimation under a data—based loss



Related identity

When S is invertible (p < n), since ST = S~1, this identity
corresponds to

Eps [r (E7'G)] =K*E;5 [r(2D{G} +(n-p—-1)S7'G)] ,

which is the same identity given by Kubokawa and Srivastava.

[12] T Kubokawa and M. S. Srivastava, Robust improvement in
estimation of a covariance matrix in an elliptically contoured
distribution, The Annals of Statistics, 27 : 600-609, 1999.

When S is non—invertible (p < n), it becomes
Eps [r (271 SSTG)] = K*Ej 5 [r (2SST Ds{SS* G}" — §7G)] ,

which is, to our knowledge, a new Stein-Haff type identity.

16/4!
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Corollary 1

Let G(z,s) and V(z, s) be p x p matrices function s.t, for any fixed
z, G(z,s) and V(z,s) are weakly differentiable w.r.t to s. With
V.= V(Z,S), assume that SS™V is symmetric and s.t
Eps[|tr(£7'8STVE~'SSTG) || < oo. Assume also that

E; s [|tr (78St T*) |] < 0. Then we have

Eps [tr (E71SSTVE1SS1G)] = K*K** Ej5[tr(2SSTDs{SST T*}T
+(n—(pAn)—1)S"T)
with
T* =2[SST VDs{SST G}" + SST GDs{SS™ V}]
—(p—n+1)GST V.

Estimation under a quadratic loss Estimation under a data—based loss




Application of the Stein-Haff type identity

Recall that
A(G) = &2 E, 5[tr (£ 'SST(2S+ G)='SS*G) |
—2a,Ey5[r (X7'SSTG) .
In order to get rid of ¥~ in the integrand term, we apply

e Lemmal to E,; [tr (X 'SSTG)],
e Corollary 1to E, 5 [tr (X~ 'SS*(25+ G) 'SS*G)].

Then, we have

A(G) = K"K Ejtr (258 Ds{SS T} + (n— (oA 1) ~ 1)S*T*)]
— 28,K"E; £ [tr (2SSTDs{SS*G} + (n— (A1) = 1)S*G) |

where
T"=4(S+ G)Ds{SS" G} + G(2nSS" — (p—n+1)S* G).

18/4!
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An expression of A(G)

In order to have an homogeneous expression of A(G) in term of
E, s-expectation, we use the following identities.

For any integrable function H(Z, U), we have
K* Ej 5 [H(Z, U)] = By xlppx(Z, U) H(Z, U)]
and
K™ Egx[H(Z, U)] = By s[pp 5 (£, U)py 5 (£, U) H(Z, U)]

where, for any z € R9*P and u € R"*P,

dirEu) = 5w gz =,

with
v=t{(z—0)Z " (z-60)"} +tu{Z " u}.

19/4.
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Dominance results

Theorem 1

Consider a density as in (1.3) s.t ¢ < F*(t)/f(t) < b. Under the
condlition

r[257SDs{SS*G} — (n— (pAn)—1)STG] >0,
the estimators fao,e improves over fao as soon as
[2STSDs{SSTT*}T — S+ T*
—2(p+n+1 )b2 (2578Ds{SS*G} — (n— (pANn)—1)STG)] <0,

where

— 4(S+ G)Ds{SS*G} + G(2nSS* — (p— n+1)S*G).

0
Estimation under a quadratic loss Estimation under a data—based loss




Limitations of the quadratic loss

o Difficult to handle on since we apply the Haff Dg twice.

e Imposes strong conditions on SS* G, which makes difficult to
derive improved estimators.

From where theses difficulties come from ?

21/4;
Estimation under a quadratic loss



Limitations of the quadratic loss

The quadratic loss can be rewritten as
two IZ*‘
LE,S) =u((Z'E - h)?) =w(EZ 2T '8) 2u(Z %) +p.
Requires a twice application of the Stein-Halff type identity.

How to remedy ?

We introduce the data, which give rise to the data—based loss

Ls(Z, %) =t(STZ(Z7'E — I)?)

One ¥
|

(X 'E8TY) 2u(STE)+u(STY).

22/4;
Estimation under a quadratic loss
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2. General estimators

2.2 Estimation under a data—based loss

Estimation under a data-based loss



Alternative estimators

24/4!

Consider the data—based risk
Rs(£,%) = B, s[r(ST X (Z7'E — b))

When 3 = 3, = a S, the best constant a is

1
P =K lovn)
Consider alternative estimators of the form

faa,e = a, (S + SSTG(Z, S)) ,

where SSTG(Z, S) is a correction matrix which is not necessarily
symmetric.

The estimators ¥, g improves over 3, as soon as
A(G) S RS(iag,G:Z) - Rs(iao, Z) <0,

for all &, with strict inequality for some ¥.

Estimation under a data-based loss



Risk difference finiteness

Proposition 2

Assume that E, 5 [|STGl|2], Ey s [IZ~'SSTGIE, Ey 5 [tr(X ST)]
and E, 5 [tr(x 1 S)] are finite.

Then

A(G) = & Eyz[tr (T 'S5 G{l+ STG+ SS5'}) ]
—2a,E)5[r(S*G)] <.

4
Estimation under a quadratic loss Estimation under a data-based loss




Conditions d’amélioration

Theorem 2

Consider a density as in (1.3) s.t c < F*(t)/f(t) < b. Under the
condition

r(STG) >0,

the estimators iao,G improves over fao as soon as

tr[(n—(pAn)—1)(STGSST + (STG)?) +a STG
+28S5* Dg{SS*G+ SSTGSTG+ SSTGSSt}T| <0,

where
c

a:(n—(p/\n)—2b

(pvn)—1).

Estimation under a quadratic loss Estimation under a data-based loss




Orthogonally invariant
estimators




The eigenvalue decomposition of S

Let the eigenvalue decomposition of S

S=H;LH
where
Hy € RP*(PAN) is g semi-orthogonal matrix
and _
L= d1ag(l1,... Ip/\n)) with h>hb> - > I(p/\n) >0.

The orthogonally invariant estimators are of the form

Y = Hid(L)H
where

‘D(L) = diag(q51(L)7 000 g ¢(pAn)(L)) with (;51(L) = 000 > qb(p/\n)(L).

L E R R R R,




The Haff type estimators

Recall that
Ya.6=3a (S+SSTG(Z,9)).
Let
G(Z,S) = vit(v)Hy Hf
where

v=1/u(S")
and t(-) a twice differentiable non—increasing convex function.

The Haff type estimators are of the form
S hart = 8o Hy diag(h + v (v), b+ v H(v), ..., loan + v H(v))H]

[8] L.R. Haff, Empirical Bayes estimation of the multivariate normal
covariance matrix, The Annals of Statistics, 8 : 586-597, 1980.
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The Haff type estimators under a quadratic loss

Proposition 3
Consider a density as in (1.3) s.t c < F*(t)/f(t) < b and

ptn—(pAnm+2 _ c? 2p+2n 5(pAn)—3

p+n+1 b p+n+1

Then 3. 1. improves over -, as soon as

(i) (p+n—2(pAN)+1)t)+2vt(¥)>0,

) 2(p+n—2(pAn)— )((p+n+1)g—§fp—n+pAn72)
(0= tr) < (ptn—2(pAn)+1)(p+n—2(pAn)+3)

(iify {2(p+n—4(pAn)+3)tv)+2vt(v)

+|2p+2n—-5(pAn)+5— (p+n+1)bz]} t'(v)

+ 2 {tv)+ p/\n)}ul‘”(y)SO.

L R R R RRRRREE—————————————————.




The Haff type estimators under a data—based loss

Proposition 4
Consider a density as in (1.3) s.t c < F*(t)/f(t) < b and

c>(an)—(pAn)+1
b= (p Vv n) '

Then's. Haff iImproves over N a

pAn)—1)+(pvn)(c/b—1)
(pvn)—(pAn)+1

OSI‘(V)SZ((




The Konno estimators

Recall that
Ya6=3a (S+SSTG(Z,9)).
Let
G(Z,S) = vtH; Hf
where
v=1/e(S")
and

t is a positive constant,

The Konno estimators are of the form

Skon. = o Hidiag(h +vt,b+vit,... . [oan+ v t)H] .

[11] Y. Konno, Shrinkage estimators for large covariance matrices in
multivariate real and complex normal distributions under an invariant
quadratic loss. Journal of Multivariate Analysis, 100 : 2237-2253,

2 2009.




The Konno estimators under the quadratic loss

Proposition 5
Consider a density as in (1.3) s.t c < F*(t)/f(t) < b and

ptn—(pAn+2 _ c? _2p+2n-5(pAn) -3

p+n+1 - b? p+n+1

Then 5 .. improves over .., as soon as

2(p+n—2(pAn)—1)((p+n+1)c?/bP—p—n+pAn-2)

0<t< (p+n—2(pAn)+1)(p+n—2(pAn)+3)




The Konno’s estimators under the data—based loss

Proposition 6

Consider a density as in (1.3).

Then 3 kon. improves over s, as soon as

2((pAn)—1)
(pvn)—(pAn)+1°

0<t<

This result is no longer restricted to the Burger subclass
s.t. ¢ < F*(t)/f(t) < b and then is valuable for all the
classe of e.s.d




Estimateurs de type Efron et
Morris




Efron and Morris type estimators

Recall that

~

Ya,6 =3 (S+SSTG(Z,S)).

Let Q € R(PA"*d be a matrix of constants such that
Rang(Q)=q<pAn.

Let the orthogonal projection matrix

Q=Q(Q"Q)'qQ".

When ¢
o T
G(Z,S) = 7““_1 Q) Hy Qo Hy t>0.

The Efron and Morris type estimators are of the form

& t
Z,_:M:ao (S+U‘(L_1CPO)H1 QOH;F>

L R R R RRRE—————I—m—————————




Efron and Morris type estimators under the data—based loss

Proposition 7
Consider a density as in (1.3).

Then S gy improves on ¥, as soon as

2((pAn)—1)
(pvn)—(pAn)+1°

0<t<




Numerical study

We evaluate the percentage of improvement of ¥ ko, W.r.t 5, .

The Percentage Relative Improvement in Average Loss. (PRIAL) is

defined as
PRIAL — average loss of X, — averaqe loss of > kon. 100
average loss of X,
Note that :

PRIALq, : the percentage of improvement under the quadratic loss

PRIALs : the percentage of improvement under the data—based loss




Numerical study

1000 independent Monte—Carlo replications for some couples (p, n)

and for
(Z)/j = 0.9“7” .

p n PRIAL % PRIALs%
20 4 0.91 15.00
20 8 2.56 18.56
20 12 5.05 25.56
20 16 417 47.034
100 20 0.40 3.39
100 40 1.24 4.19
100 60 1.56 5.76
100 80 1.531 10.42




Some conclusions and
perspectives




Conclusions

e Estimation of the scale matrix under quadratic loss and
data—based loss for a wide class of e. s. d.

¢ Unified approach that can deal with both invertible and
non-invertible S.

e A new and more general Stein-Haff identity for the
high-dimensional e. s. d. setting.

e A robust improved estimators under the data—based loss.

Achievements :

e Published : [7] A. M. Haddouche, D. Fourdrinier ans F. Mezoued,
Scale matrix estimation of an elliptically symmetric distribution in
high and low dimensions, Journal of Multivariate Analysis 181 :
104680, 2021.

e Submitted to Statistics and Probability letters : [6] A. M.
Haddouche, D. Fourdrinier and F. Mezoued, Covariance matrix

estimation under a data—based loss.
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Consider
Y=M+§&, E~ES(Omp, Im®X)

where ¥ is of Rank = r < p.

The noise £ does not have a density with respect to the Lebesgue
measure.

[4] J.A Diaz-Garcia, V. Leiva-Sanchez and M. Galea, Singular
elliptical distribution : density and applications, Communications in
Statistics—theory and methods. 5 : 665-681, 2002.




Singular elliptical symmetric distributions

Estimate X under :

N

L(S,%) =tr (if - zz+)2

A ~ 2
Ls(S,%) =tr (s+z (Dz+ - zz*) )

Estimate ~* under

A

LEHEh) =2 - |7




The Gaussian case

Orthogonally invariant estimators

[3] D. Chételat, M. T. Wells, Improved second order estimation in the
singular multivariate normal model, Journal of Multivariate Analysis ,
147 :11 - 19, 2016.

A Stein—Haff type identity

nAr

E [ (StHO(LH )] = E [Z{(n—rl —1)¢’ +2%+22 — H

i=1

where Rang(S)=nAr.




Generalization to the elliptical singular case

o How to derive a new Stein-Haff type identity for
orthogonally invariant estimators ?

o How to derive a Stein-Haff type identity of the form

E [ir (£*SSTG(Z, S))] =7




Predictive density estimation

Predictive density estimation under the Wasserstein loss for location
and scale—location distribution :

[13] T. Matsuda and W. E. Strawderman, Predictive density
estimation under the Wasserstein loss, Journal of Statistical Planning
and Inference, 210 : 53 — 63, 2021.

The authors showed that the plug-in densities is a complete class.
A duality with the point estimation problem is showed.

Results on point estimation are transportable to the predictive density
estimation under the Wasserstein loss function.




Predictive density estimation

An Extension to the case of an unknown covariance matrix is an
interesting future problem (which include the elliptical case)

The problem reduces to point estimation of the covariance matrix
under the following Wasserstein loss

L, %) =tr (z +3¥-_2(z2s 21/2)1/2)

Using, the usual key tool, Stein—Haff type identity seems not possible
since the loss does not depends on ¥ ".




Thank you for your attention'!

For references and other details, | can be reached at
mohamed.haddouche @insa-rouen.fr
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