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ABSTRACT. In this paper, the Stein—Haff identity is established for positive-definite and symmetric
random matrices belonging to the exponential family. The identity is then applied to the matrix-
variate gamma distribution, and an estimator that dominates the maximum likelihood estimator in
terms of Stein’s loss is obtained. Finally, a simulation study is conducted in order to support the
theoretical results.
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1. INTRODUCTION

The Stein—Haff identity was first derived by [15] and [5] regarding the problem of
estimating the covariance matrix of multivariate normal populations. Consider a sam-
ple of n iid. p x 1 vectors xy,...,X, (where n > p) following a multivariate nor-
mal distribution with mean vector n and covariance matrix 3. Then the p X p matrix
W =3"  (x; —X)(x; — X)’ follows a Wishart distribution with ¥ = n — 1 degrees of
freedom and covariance matrix 3. As such, the covariance matrix of such a population is
commonly estimated using the unbiased estimator W /k. However, the eigenvalues of the
estimator W /k tend to spread out more over the positive real line, than the correspond-
ing eigenvalues of the population covariance matrix ¥. For example, letting Aq,...,A,
be the p ordered eigenvalues of 3 and [i,...,I, be the p ordered sample eigenvalues of
W /k, 11 is a positively biased estimator of A; and I, is a negatively biased estimator
of A, (see e.g. [18]). As such, it can often be useful to consider estimators that aim to
decrease larger sample eigenvalues and increase smaller sample eigenvalues.

Additionally, the problem of estimating of the covariance matrix of a normal popula-
tion have been well studied from a decision-theoretic viewpoint !. In this approach, esti-
mators are evaluated with a non-negative loss function L(é, 0) and associated risk func-
tion E[L(8,0)], where 0 is a parameter vector and 6 is an estimator of 8 and the expecta-
tion is taken under the true parameter value 8. Moreover, the estimator 0, is said to dom-
inate the estimator 6, with respect to a given loss function if E[L (85, 0)] < E[L(81, 0)] V6,
with strict inequality for at least one value of 0. Depending on the loss function used, sev-
eral estimators of X that dominate W /k have been proposed (see e.g. [2, 7, 9, 10, 14, 16]
and [17]), the majority of which are based on functions of the sample eigenvalues.

Furthermore, a class of estimators of ¥ often considered is orthogonal invariant esti-
mators , i.e. estimators 3 that can be written as

Y =HOWH, &) =diag(dp:1(),...,d,1), ;1) >0, i=1,...,p,

where 1 is the vector of ordered sample eigenvalues of W, and H is the orthogonal matrix
of the eigenvalue decomposition W = HLH with L = diag(l). The Stein—Haff identity,
which expresses E[tr(H®(1)H'E71)] in terms of the function ®(1), is a flexible tool that

L For a general discussion on the decision-theoretic framework, see for example [3].
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readily applies to the evaluation of various risk functions of orthogonal estimators 3.
One such risk function is the one associated with Stein’s loss 2

E[L(2,%)] = E[tr(EX7!] — E[log |E= 7Y — p,

where the identity is directly applicable to the first term. Further, the identity can also
be used in order to derive various moments of the Wishart distribution, as presented in,
for example, [5].

Apart from the derivation by [15] and [5] in the case of the non-singular Wishart
matrix, equivalent identities have also been presented in the case of a singular Wishart
matrix (see [12]), in the case of a complex Wishart matrix (see [9]) and in the case of
elliptically contoured distributions (see [11], [8] and [1]).

In this paper, we generalize the Stein—-Haff identity to the case of positive-definite and
symmetric random matrices of the exponential family, given certain conditions on the
density function of the considered distribution. For such a random matrix S, the re-
sult expresses the Stein—Haff identity as a formula readily applicable to both estimation
problems and derivation of moments. This formula is then applied to the matrix-variate
gamma distribution, where it is used to evaluate estimators for samples of the matrix-
variate gamma distribution with common scale matrix and different shape parameters.
Further, the result is used to derive a condition for orthogonally invariant estimators to
dominate the maximum likelihood estimator, together with an example of such an esti-
mator. Finally, a small simulation study is conducted in order to support the dominance
results.

The rest of the paper is organized as follows. Section 2 consists of the main contribu-
tion of this paper, the generalization of the Stein—Haff identity to matrices of the expo-
nential family. Section 3 applies the identity to the matrix-variate gamma distribution
and provides a simulation study to support the theoretical results. Section 4 concludes.
Lemmas with proofs used throughout the paper can be found in the Appendix.

2. STEIN-HAFF IDENTITY FOR THE EXPONENTIAL FAMILY

Let S be a real, positive-definite and symmetric p X p random matrix belonging to the
exponential family. As such, the density function of S can be factorized as

£(8) = a(0)h(S)e ), (1)

where a(0) and h(S) are known continuous functions, 0 is the canonical parameter and
t(S) is the canonical statistic. Further, let 1 denote the p x 1 vector of ordered eigenvalues
of S and impose the following conditions:

h(S) = u(l), (2)

t(S) = (v(1)/, vech(S)')", 3)
where u(l) and v(l) are known differentiable functions. As such, the above conditions
require that h(S) is dependent only on the eigenvalues 1, and that the canonical statistic
can be decomposed into one part consisting of vech(S) and one part dependent only on
1. Further, let 6 be decomposed as 8 = (0, 65)’, where 6, is a vector of the same length
as the vector v(1) and 03 is a p(p+1)/2 x 1 vector. Now, let 02 = —Dj D, vech(2) where
Q is a p x p matrix and D, is the duplication matrix®, such that

5 vech(S) = — vech(2)' D}, D, vech(8S) = — vec(Q)’ vec(S) = — tr(028). (4)

2 A commonly used loss function first considered in [7].
3 Defined as in e.g. [6], s. t. for a symmetric p X p matrix A we have Dy, vech(A) = vec(A).



STEIN-HAFF IDENTITY FOR THE EXPONENTIAL FAMILY 9

Equation (1) is then the minimal representation of matrix distributions with density
functions of the form

£(8) = a(®)u(1)e® V-t (@2S) (5)

such as the matrix-variate gamma distribution, which is further discussed in Section 3.
In the rest of this presentation, € will sometimes be denoted ©(0) in order to emphasize
its dependency on the canonical parameter. Finally, note that in the case of a real,
symmetric matrix A, the common matrix-to-scalar operators tr(A) and |A| depend only
on the eigenvalues of A. Hence, conditions (2) and (3) still allow for a wide range of
density functions.

As an example of an exponential distribution of the form (1) conforming to (2) and
(3), consider the case of a multivariate normal sample presented in Section 1. Thus,
W follows a Wishart distribution with k£ € N degrees of freedom, where £ > p, and
positive-definite covariance matrix 3. The density of W can then be expressed in the
form (1) with

0= —%D;Dp vech(271),  a(8) = |2(0)*/2/T,(k/2), h(W) =u(l) = ﬁzg’““)”

where I'y(a) is the multivariate gamma function?, Q(0) = fvech_l((D;,Dp)*le) =
= X"1/2,13,...,1, are the eigenvalues of W and t(W) = vech(W). Here, vech™!(:)
denotes the inverse of the vech-operator.

Further, as discussed in Section 1, for problems concerning estimation of the parame-
ters of a random matrix distribution, it is often required to compute the expected value
of a function of the observed random matrices. For example, such is the case when
working with loss and risk functions in the decision-theoretic framework. Furthermore,
these functions are often readily expressed in terms of the observed random matrices’
associated eigenvalues and eigenvectors. As such, we now derive the expectation of such
functions with regard to distributions of the form (1). To this end, let O, denote the
set of p x p orthogonal matrices and let S = HLH' be the eigendecomposition of S,
where H € O, and L = diag(l). From Theorem 3.2.17 in [13], note that for a p x p
positive-definite random matrix S with density function f(S), the joint density of the p

eigenvalues [y, ...,l,, where [y > ... > 1, > 0, is given by
T[p2/2
B § (7R L)f F(HLH')dH. (6)
rom -0,

Thus, letting £, = {1l > ls > ... > I, > 0}, we have for any scalar function g(H,L)
with E[|g(H,L)|] < oo

7P /2 , _
E[g(H, L) p/2f H j g(H,L)f(HLH')dHdl =
p°/
_mwh f [T - ut exp @4v() %

X f g(H, L) exp (05 vech(HLH'))dHdl =

p

4 Defined as I'p(a) = [ 4o exp(tr(—A))|A[*~(M+1D/24A.
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p°/2
Tt p/2 J. H exp (elv( )) X
X f g(H, L) exp (— tr(QHLH') ) dHdl, (7)

p

where the second equality comes from inserting (1) and the third equality is due to
02 = —D; D, vech(£2) and the identity (4). Now, let A = H'Q2H and denote the elements
of A as a;;(H). Then

tr(QHLH') = tr(LA) =

i=1

As such, (7) becomes

p’/2
T J H 1) exp (07v(1 ))J (H,L) exp Zl a;;(H) | dHdl.
T2 ), i 0,
Further, denote
T[p2/2
C =

TR
b(1) = [T (& — Ly ul) exp (84 v (1)),

1<j

w(l) = Jexp( Zm” )

and define, for i = 1,...,p,
lp = o0,
lp+1 =0,
iy = (s licty i, -0 1),
Loy={plh>...>lia>lipa>... >}

We can now formulate the Stein—Haff identity for the matrix-variate exponential family.
The proof is a generalization of the derivations in [14].

Theorem 1. Let S be a real, positive-definite, symmetric p X p random matrix from
the exponential family with density given in the form (1) for which conditions (2) and
(3) hold. Further, let S = HLH' be the eigendecomposition of S and let ®(1) =
= diag(d1(1), ..., dp(1)). Moreover, assume that

(i) E[|tr(H®()H'Q)|] < oo;

(ii) di(V)b(1),i=1,...,p is absolutely continuous with respect to l;;

(iii) &;(1),i=1,...,p satisfies

lim ¢;()b(Hw(l) =0 and lim ¢;1)oQHwd) =0 Ve L,.

l—)l+1 l_>l7 1

Then the following identity holds

cirei) -3 €| SR - GRG o G+ TG
(8)
where u(l) and v(l) are defined in (2) and (3).
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Proof. Let I = E[tr(H®(1)H'Q2)]. We then have

I = E[tr(@(1)A)] =

Z E azz =

i=1

Zp:cj d:(1) f aii(H exp< Zla” )del

=1 ‘CP OP
P lLica
==Y cJ f l f exp < Z lia“-(H)> dH] dl;dl iy =
i=1 YL@ Jlin Op i=1
p i—1
= Z J f ( )dl il ;.
Ly Jliga
By condition (ii) we can apply integration by parts and write
li-a ow
[ om el =t o 0p000) -t @00 -
it lLi—li—a li—liga
L=t 9, (1)b(1)
— ———w(l)dl;.
J, e

Due to condition (iii), I can now be written as

li—1 )
J f cww(l)dlidl(i) —
Lay Il ol;

v
M-

i+1

1 00,1
SCORD }

[0d;(1)
Al

[0d;(1)
Al

i=1

I
'M"@

@
I
—

+¢i(1)8b(l) 1 ]

al; b(l)

alog(b(l))}
ol; '

I
.Fj“

ﬁ
Il
-

+ di(1)

|
\Pr?@

N
Il
—

Since logb(1) = >, _;log(l; — ;) + log u(l) + 07 v(1), we have that

dlog b(1) au() 1 o
T R az L+ 2

j= 1175%1 2

and thus

1

P
9¢i(1) | du(l) di(1) v $i(1) — ¢;(1)
E (1)e1(1 . O
; oL " o,y T OO +y

Apart from being useful in evaluating estimators, as shown in the subsequent section,
Theorem 1 can also be applied in order to derive various moments of S. For example,
noting that S~' = (HLH')~! = HL ™ "H’, we can insert ¢;(1) = 1/l;,i = 1,...,p in (8)
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to obtain

el iE—1+ uh) L Sy L

3. APPLICATION TO THE MATRIX-VARIATE GAMMA DISTRIBUTION

In this section, the identity derived in Section 2 is applied to the matrix-variate gamma
distribution, a generalization of the gamma distribution to positive-definite matrices.
Section 3.1 presents the distribution in the form (1) together with the identity. Section 3.2
applies the identity in order to derive a condition under which estimators dominate the
maximum likelihood estimator and provides an example of such an estimator, while
Section 3.3 verifies the results through a simulation study.

3.1. Stein—Haff identity for the matrix-variate gamma distribution. Let a p x p
matrix S follow a matrix-variate gamma distribution with shape « > (p — 1)/2 and
symmetric scale matrix 3 > 0, denoted by S ~ MG,(«,X). As such, in accordance with
e.g. Definition 3.6.1 in [4], the p.d.f. of S is

|E|_
This matrix distribution belongs to the exponential family and thus the above p.d.f.
can be written in the form (1). In the application following in this section, o will be
considered to be known, and as such, we set 8 = —D/ D), vech(X7'), t(S) = vech(S),
a(0) = |Q(0)|%/T (), with () = —vech™' (D,D,)~10) = =71, and h(S) = u(l) =
=T, 0 (p+1)/2, Thus, this density conforms to conditions (2) and (3).
By applying (8), we can derive the Stein—Haff identity for the matrix-variate gamma
distribution as

|§|x=(P+1)/2 exp(tr(—27'8S)). (9)

Eftr(He()H'S™")] = Eftr(H®()H'Q)] =

B PR = s

i=1 i<j

3.2. Estimation of the scale matrix 3. Now, consider a sample of independent ma-
trices Si,...,S,, where Sk ~ MGp(ax,3),k=1,...,n and o, > (p — 1)/2 are known,
while ¥ > 0 is unknown 5. Further, suppose we are interested in an orthogonally invariant
estimator for X, such that the estimator can be written as

> = H®()H', (1) =diag(d1(1),....dp(1), &i(1)>0,i=1,...,p
Moreover, assume that we want to minimize the risk for this estimator in terms of Stein’s
loss function

L(Z, %) =tr(EX7Y) —log |7 — p, (11)
which has the associated risk function
E[L(Z, 2)] = E[tr(ZX7Y)] — Ellog [E=7Y] — p. (12)

Now, let V.= >} | Si. By Lemma A2, V ~ MG,(¢,X), where ¢ = >}, &;. In
accordance with Lemma A3, the maximum likelihood estimator of X is b)) MmLE = V/q.
Moreover, one can show that for the class of estimators of the form s = dV, the risk
function (12) is minimized by SVLE = V/q.

5 Comparable to the case of sample covariance matrices for a multivariate normal distribution with
a common unknown covariance matrix 3.
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Equation (10) now allows us to obtain a condition under which estimators dominate
the maximum likelihood estimator V /q.

Theorem 2. Let S ~ MGp(a, X),k = 1,...,n, where a, > (p — 1)/2 are known,
q=> "k, > p_y Sy =HLH', and let

7

Sp=HEWH', with &)= diag(dp1(1),....dp1), :i(1) >0, i=1,....p,

be an orthogonal invariant estimator of 3. Then ﬁ]D will dominate ZA]MLE, with regard
to Stein’s loss function (11), if and only if

r 11 1
el (-1 ) e O e < pone 19
i=1 ¢ '

for all values of 3, with strict inequality for at least one value of 3.
Proof. We have that 3! p will dominate 3| Mg if and only if
E[L(Zp, 2)] < E[L(Swre, D)), (14)

for all values of X | with strict inequality for at least one value of 3. By (10) we have,
since >, _; Sk ~ MG,(¢,X), that

E[L(Ep, )] = E[tr(H&()H'E"1)] — E[log HE)H'S || —p =

| 0i() pt1 bi(1) — b; (1)
=2 E|7, +<q > Z 1—1

P

_ 0di(1) p + 1 $i(1) — d;(1)

—ZE al, +{q-— Z lfl —logdb;(1)| +
+ log |X| — p. (15)

Further, note that by letting ®*(1) = diag(dls, ..., dl,), we have by equation (10) that

E{tr(‘qfx_l)} = E[tr(H®*(HVH'Z )] =

—ZE d+d<q—>+d21 -

1<]
_ dp( 1
dplp—1) +Z[d+d< rt )}_
:dp(p*1)+dp+dpq7d (p+1):
2 2
= dpg.

And thus, by setting d = 1/q, we have E {tr(%ﬁ’lﬂ = p and can write

|-

1
=p — E[log|V]] + log || —plogg —p=

EL(EmLe, X)) = E[m(‘qu—l)] - E{log %2—1
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p
= —Ellongi

+log|X¥| + plogg =

i=1
P
= fZE[logli]+log|2|+plogq. (16)
Inserting (15) and (16) into (14) gives the desired result. O

Finally, Theorem 2 can be applied in order to derive an estimator that dominates
Sure. Here, we will consider orthogonally invariant estimators where ®(1) =
= diag(d1(l),..., dp(1)) is of the form ¢;(1) = d;l;,i = 1,...,p, where d; is a constant.
Corollary 1. Let Sy ~ MGp(oi,X),k = 1,...,n, where oy, > (p — 1)/2 are known,
qg=> "0k, >y Sk =HLH', and let 3 = He()H' with ®(1) = diag(dyly, . .. L dplp)
and

1

q++1)/2-7

be an estimator of 3. Then ﬁ)l dominates 2MLE with regard to Stein’s loss function (11).

d; =

""7p’ (17)

Proof. First, note that by definition [y > --- > [, and further that d; < --- < d,. By
(13) in Theorem 2, we have that if

1 d;l; — d;l;
ZE d; —&-(q—w)dﬂ—zm—logdi <p+plogg, (18)
i<y v
33, will dominate 3 ;7.5. Now (18) can be written as
o _
p+1 _ dili—djlj | _
p+plogq>z <1+q 5 )dz—i—E Z =1, logd;| =
z:l_ _z<]
p [ 1
z:l_ z<] 1<]
v [ p+1 L
_ _ J . (A | =
=> <1+ —2)dZ+ZE[Zi_ZJ(d2 d;) +di(p — i) —logd; | =

s
I
-

i<j

[
M=

<q+21—z>d +ZEL l_l ](d —d;) —logd;

1<J

1

.
Il

Let m; :ZK]‘E[z —p ](d —d;) and note that m; < 0,4 =1,...,psince (I;)/(l;—1;) >0
and d; — d; < 0. Inserting d; =1/(¢+ (p+1)/2 — i), we get

p
p+plogg> D [1+m; +log(g+ (p+1)/2 )],
i=1
p p
plogq > Zlog(qu (p+1)/2—1i)+ Zmi.
i=1 i=1

Since Y-, m; < 0, it will suffice to show that plogq > >°F_ log(q + (p+ 1)/2 — i), or
similarly
P
¢ > [+ @+1/2-10). (19)

%
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To this end, set a; = (p+1)/2 — ¢ and note that a; = —a,_;+1. Further, we have that

(g +ai)(g+ap—it1) = (¢+ai)(g—a;) <
< ¢ (20)

If p is even, we can write

p p/2 p/2
[Ha+@+v/2-0)=]]a+a) [J(¢a—ai) < ¢ (21)

i % %

where the inequality is in accordance with (20). On the contrary, if p is odd, we can
write

P (p—1)/2 (p—1)/2
[Te+@+v2-i)=(@ [ G@+a) [[ @-a)<e, (22)

% 7 [

where the inequality again is due to (20). Combining (21) and (22) shows (19), which
completes the proof. O

As an example, consider p = 3, such that the constants of the estimator 3, become
dy =1/(q+1),d2 = 1/q,ds = 1/(q — 1). Similarly, the MLE can be expressed in this
form with d; = dy = d3 = 1/q. As such, comparing with the equivalent constants in the
MLE, the constant of 3; associated with the largest sample eigenvalue is smaller than
1/q, while the constant associated with the smallest eigenvalue is larger than 1/q. Thus,
this estimator aims to pull sample eigenvalues towards a middle point. Further, note
that when n = 1 the estimator derived in Corollary 1 is closely related to the estimator
derived by [15] and [2] regarding the estimation of the covariance matrix of a normal
population.

3.3. Simulation study. In order to illustrate that ﬁ]l, defined in Corollary 1, dominates
3 vk in terms of Stein’s loss, we conduct a brief Monte Carlo simulation study. As such,
we first define the difference in estimation loss r as

r=LEuLE, ) - L(31, D), (23)

such that E[r] > 0 for all values of ¥. Further, define the matrix J, = (0.5/"771); ;,
i,7 =1,...,p. We now perform a simulation study according to the following algorithm:

1. For each combination of matrix dimensions p = {2,4,10} and parameters o =

= {5,10,100} and ¥ = {I,,, J, }, draw a sample of n = 10 matrices S ~ MG,(«, X).

For each such sample, estimate ﬁ]l and 3 MLE, and compute 7.

3. Repeat the above steps 1000 times and compute the average value of r for each
combination of p, x and X.

o

Table 1 summarizes the results. First, all average values of r are positive, as expected
since E[L(X e, )] > E[L(21,X)]. Further, for a given value of & and structure of
3, r tends to increase as the dimension p increases. Conversely, r tends to decrease
as o increases. Finally, in all the considered cases, the loss difference is smaller when
the off-diagonal elements of 3 are non-zero compared to the cases when they are zero.
This suggests that the risk improvement is greater for the identity matrix, similar to, for
example, the conclusions of [2] in the case of a normal population.
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TABLE 1. The average of r, the difference in Stein’s losses L(fJMLE, 3)
and L(X1,X), for various values of p, o« and X

=1, =7,

o/p D) i 10 D) 1 10

5 | 0.0024 0.017 | 0.17 |4.1-10-%| 0.0043 0.071
10 [85-107%| 0.0060 | 0.061 | 6.4-1075|8.9-10~*| 0.019
100 | 2.7-107° [ 2.0-107* | 0.0020 | 9.9-10~7 | 9.5-105 | 2.0-10~*

4. CONCLUSION

In this paper, we derive the Stein—Haff identity for random matrices of the exponential
family, generalizing existent results. This identity is then applied to the matrix-variate
gamma distribution, where it is implemented in order to derive an estimator that domi-
nates the MLE in terms of Stein’s loss. In order to support these derivations, a simulation
study is conducted, where the results suggest that the risk improvement is greater when
the scale matrix is the identity matrix rather than a matrix with non-zero off-diagonal
elements, and that improvement tends to increase with dimension.

Topics for future research include deriving the Stein—Haff identity for even more gen-
eral random matrices. One approach is to relax the condition of symmetry, or the
requirements on the density function imposed by (2) and (3) in the case of the exponen-
tial family. Another related field of interest is how to improve estimators in the case of
samples from the matrix-variate gamma distribution with unknown shape parameters.

APPENDIX

In this section, we present results regarding the matrix-variate gamma distribution
needed for the derivations in Section 3.2, most of which are directly related to results on
the Wishart distribution.

Lemma Al. If S ~ MG,(«,X), then the characteristic function of S is
() = Efexp(tr(iTS))] = [T — iST| ",

where © is a symmetric p X p matriz, T = (t;;),4,j=1,...,p and

Lo ey ifi=],
Y 045/2, ifi# g

Proof. By the density of S, as noted in (9), we have

-
Elexp(tr(iTS))] = 22 J |S|*= (P72 exp(tr(—27'S)) exp(tr(iTS))dS =
Lp(e) Js>o
_ 1= J S| %= (P2 exp(tr(iTS — £718))dS =
Ip(e) Js>o
2 —
_ = f S| %= (P72 oxp(— tr((B~! — 4T)S))dS. (24)
Ip(e) Js>o
By setting B~! = 7! —iT, we can write (24) as
IEI‘“J - - x|
S|*~(PH1/2 oxp(— tr(B718))dS = Ip(o)| B =
e S>0| | p(— tr( ) T, (o) p()[B]
— |2|—oc|B—1|—oc _

— B[ s -
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= 27T, —iTZ) =
= I, — TS|,
where the first equality is due to [¢_,exp(—tr(B~1S))[S|*~P+1D/24S = T',(«)|BJ%,

which can be seen from the fact that (9) is a p.d.f. and thus integrates to one over
S > 0. O

Lemma A2. Let Sy,...,Sy be independent and Sy, ~ MG,(o, %),k =1,...,n. Then
n

D Sk~ MGy(a, %),

k=1
where ot = Y1 &
Proof. Since Si,...,Sy are independent, the characteristic function of Y ;_; Sy is the

product of the characteristic functions of Sq,...,Sg. It is as such, in accordance with
Lemma Al,

[[1-i=T)> = 1—i=T|",

k=1
which is the characteristic function of MG)p(«, ), completing the proof. ]
Lemma A3. Consider an i.4.d. sample Si,...,Sk, where S ~ MG,(x, ), k =

=1,...,n, & > (p—1)/2 are known and ¢ = > ;_, . The mazimum likelihood
estimate of X is then given by

22:1 Sk )
q
Proof. The log-likelihood function for the sample Sq,...,S,, is

1(S1,...,8,) = —qlog || —nlogT', (o) + <cx+ > Zlog|Sk| tr( ZS">

Deriving the above expression by 3 and equating it to zero, we obtain
n
»l=x! Z S,z
k=1
$— EZ:1 Sk

q
as desired. O

YXMLE =
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TOTOXKHICTh CTEMHA -TA®®A J1JII EKCIIOHEHIIITHOI CIM’T
I. AJI®EJIT

AHOTAIIA. Y crarTi BcTaHOBJeHO TOTOXHICTL Creitna—Tladda st 0aaTHO BU3HAYEHUX 1 CUMETpPU-
YHUX BHUIAJKOBUX MATPHUIb, IKi HAJEXKATh 10 eKCIOHeHIHHOT ciMm’i. IloTiM TOTOXHICTH 3aCTOCOBAHO
JI0 MATPUYHO3HAYHOTO TraMMa-PO3MOiIY Ta OJEPXKAHO OIIHKY, K3 JOMIHY€E OI[iHKY MaKCHUMaJbHOI Bipo-
rizHocTi B TepMmiHax dyHKHil BTpar Creifna. HaperTi, npoBegeHO MOJEMIOBAHHA JJId HiITBEDP/IKEHHSI
TEOPETUYHUX PE3y/IbTATIB.

TO2KJECTBO CTENHA -XA®PA AJI DKCIIOHEHIIMAJIBHOI'O
CEMENCTBA

. AJIOEJIT

AnHoTALUs. B crarse ycranosieno toxzgectso Creitna— Xadda s NOI0KUTENBHO ONPeSeIeHHBIX U
CHMMETPHYHBIX CAYYafHBIX MATPHIl, TPUHAIEIKAIAX SKCIOHEHITHAJIBHOMY ceMeiicTBy. [loToMm TOXKT€E-
CTBO IPAUMEHEHO K MAaTPUYIHO3ZHAYHOMY raMMa-paciIpeseseHuI0 U MOJIy9Y€Ha OeHKa, KOTOpas JOMUHHUDPY-
€T OIleHKY MaKCHMAaJbHOTO MPaBAonoobus B TepMuHax dyHknuu noreps Creitna. Hakorer, nposegeHo
MOAENMNUPOBAHUE I IOATBEPXKICHUA TEOPETUYICCKUX Pe3yJIbTaTOB.



