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We discuss a parameter estimation problem for a Gaussian copula model under misspecification. Conventional estimators such as
the maximum likelihood estimator (MLE) do not work well if the model is misspecified. We propose the estimator that minimizes
the projective power entropy. We call it the y-estimator, where y denotes the power index. A feasible form of the projective power
entropy is given that suites the Gaussian copula model. It is shown that the y-estimator is robust against outliers. In addition the
y-estimator can appropriately detect a heterogeneous structure of the underlying distribution, even if the underlying distribution
consists of some different copula components while a single Gaussian copula is used as a statistical model. We explore such an
ability of the y-estimator to detect the local structures in the comparison with the MLE. We also propose a fixed point algorithm

to obtain the y-estimator. The usefulness of the proposed methodology is demonstrated in numerical experiments.

1. Introduction

Applications of copula models have been increasing in
number in recent years. There are a variety of applications
on finance, risk management [1] and multivariate time series
analysis [2]. With copula models, the specification of the
marginal distributions is parameterized separately from the
dependence structure of the joint distribution. Hence, it gives
a convenient way of the construction of flexible and more
general multivariate distributions. As far as we know, there
exist only a few works that are tackled with the identification
and the statistical estimation of the mixture of copula models
and most of them rely on MCMC algorithm. In this paper
we focus on a misspecified Gaussian copula model. In other
words, a sample follows a distribution mixed with different
sources but a statistical model we fit is just a single Gaussian
copula. It is very hard to construct multivariate copulas for
three or more random variables [3], while the Gaussian is
an exception. So we start with the Gaussian copula model,
but later in Section 5 we will show that our method is closely
related to t-copula. As an example of misspecification, we
consider that the underlying distribution is

76 (W P) + (1-17) g (w; Py), )]

where 7 is a mixing proportion and ¢;(u; P) denotes the
probability density function of the Gaussian copula with the
correlation matrix parameter P. We see that the MLE for
P almost surely converges to 7P, + (1 — 7)P, under the
assumption (1), which means that the MLE fails to detect the
structure of the underlying distribution.

We make use of the y-estimator [4, 5] that can be obtained
via minimization of the projective power entropy. Here y
denotes the power index, and if y — 0, the y-estimator
reduces to the MLE. So the y-estimator can be regarded as an
extension of the MLE. In [5], the robustness of the y-estimator
was investigated in a general setting of parametric model. In
[6], the minimum density power divergence estimator was
proposed, which also uses power of density, for the covariance
matrix of multivariate time series, and the robustness was
shown. Our research shows that even if a single Gaussian
copula model is incorrectly fitted to the data from the mixture
distribution (1), the y-estimator can detect both P, and P,
separately if P, and P, are “distinct” enough and 7 is close to
0.5.

The y-estimation for the Gaussian copula model relies
on the projective power cross entropy between the under-
lying distribution and the Gaussian copula model ¢ (u; P).



The projective power cross entropy, which is a function
of P, has only one local minimum or some local minima
depending on the underlying distribution. We show that
if P, and P, are “distinct” enough and 7 is near 0.5, then
the projective power cross entropy between the underlying
mixture distribution (1) and the Gaussian copula ¢;(u, P)
has two local minimizers near P, and P,, respectively, so we
propose to use these local minimizers to detect P, and P,.

This paper is organized as follows. The y-estimator and
the MLE for the Gaussian copula model and a fixed point
algorithm to obtain the y-estimator and the MLE are given
in Section 2. Section 3 states the relationship between the
projective power entropy and the y-estimator. We introduce
an appropriate measure for the Gaussian copula model
since the projective power entropy is defined with respect
to some carrier measure. Section 4 reveals the property of
the y-estimator to detect heterogeneous structures. Section 5
elucidates the relationship between maximum entropy dis-
tributions and the y-estimation. The robustness of the y-
estimator is discussed based on its influence function in
Section 6. A simulation study is given in Section 7, and
discussions are given in the last section. The proofs for all the
theoretical results are provided in the appendix.

2. Estimation of the Gaussian Copula Model

In Section 2.1, the y-estimator for the Gaussian copula model
is discussed, and in the followed subsection the MLE for the
Gaussian copula model is given. The last subsection lays out a
fixed point algorithm to obtain the y-estimator and the MLE.

2.1. The y-Estimator for the Gaussian Copula Model. The
density function of the Gaussian copula is given by

¢ (u; P) = det p 2 exp (—%XG(U)T (P_1 - Im) Xg (u)) ,
uel0,1]7,

)

where x5(u) = (bel(ul),...,(lfl(um))T, ®(x) denotes the
cumulative distribution function of the standard normal
distribution, P is a correlation matrix, and I,,, is the identity
matrix of size m. Let v(P) be the m(m — 1)/2-dimensional
vector which consists of the column-wise stacked lower
diagonal elements of P. For example, v(P) = (p,;, P31> P32) "
if m = 3. The set

{v(P) : P is a correlation matrix of size m} (3)

is a parameter space of the Gaussian copula model.

Let u”,...,u™ be a random sample from a copula
with the probability density function c(u) while ¢;(u; P) is
our statistical model. The loss function associated with the
projective power entropy introduced in Section 3.1 is given

by

_ 1 z Y T -1 G
L, (P) = —det(P) "I 2% (—— ®'p “),
y (P) et (P) ni:lexp % b (4)
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up to constant, where x* = x;(u®”) fori = 1,...,n. The y-
estimator is proposed as the set of local minimizers of L,,(P)
and interpreted as follows. If LY(P) has a local minimum,

the underlying distribution is estimated by c;(u; 13],) using
the minimizer ﬁy. If L,(P) has ¢ local minima (¢ > 2),
the underlying distribution is estimated by a mixture of

¢ Gaussian copulas. Each Gaussian copula’s parameter is
estimated by the corresponding local minimizer.

2.2. The MLE for the Gaussian Copula Model. We consider the
MLE for the Gaussian copula model on the same setting as in
Section 2.1. The log-likelihood multiplied by —1/# is given by

1 _ 1 L i — i
Ly (P) = = log det (P) - %ZXOT (P -1,)x". (5)

i=1

It is easy to see that L(P) and L, (P) satisty

L,(P)+1
y—0 b4

Ly (P), (6)

up to constant, so the MLE will be deemed to be the
0-estimator in terms of the y-estimator. Generally the y-
estimator can be regarded as an extension of the MLE. It is
well known that the MLE does not work well under model
misspecification. For example, in the case of (1) the MLE
for the Gaussian copula model almost surely converges to
TP, + (1 — 7)P,, but we cannot detect neither P, nor P,. If

7 =0.5and
1 09 1 -09
P1‘<0.9 1)’ P2‘<—0.9 1 ) @
then 7P, + (1 — 7)P, is equal to the identity matrix, which has

no meaning in this situation. We cannot use the MLE in the
case of misspecification.

2.3. A Fixed Point Algorithm to Obtain the y-Estimator for the
Gaussian Copula Model. We give a fixed point algorithm to
obtain the y-estimator for the Gaussian copula model using
the Lagrange-multiplier method. The appendix provides the
details of the derivation of the algorithm. We can still make
use of this algorithm to obtain the MLE just by setting y = 0.

Algorithm

(1) Set an appropriate correlation matrix P,.

(2) Given P,, calculate P,,; by the following update
formula:

P, =3, + P diag((P,o B,)" Diag(l, ~%,)) P, (8)

where ® denotes the Hadamard product. Z, is defined by
S i TG
2= (1 +y) Zwy (x(),Pt)x() x(), 9)
i=1

where
exp (— (y/2) xTP’lx)
Yy exp (= (y/2)x0 " P1x)

w, (x,P) = (10)
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Here Diag (M) for a square matrix M denotes the column
vector which consists of the diagonal elements of M and
diag(a) for a vector a denotes the diagonal matrix whose
diagonal elements are the components of a.

(3) For sufficient small given number &, repeat procedure
2 while

|Py - P > & (11)

where || A| for a square matrix A denotes the matrix norm
defined by +/tr(AT A).

(4) For all local minimizers, repeat procedures 1-3 for
different initial values P,.

If we consider the estimation problem on Gaussian
distributions with mean 0, the update formula for an iteration
algorithm to obtain the y-estimator of the covariance matrix
2 is given by

n
L= (149 Y, (60 5) 00 )
i=1

See [5] for details. If we consider the optimization problem
with the objective function LY(P) without the constraint that
the diagonal elements of P are 1, the same iteration algorithm
(12) can be deduced. So the second term of the right hand side
of (8) appears because of the existence of the constraint.

We make a remark on the algorithm to obtain the MLE, or
y-estimator with y = 0. We find rather complicated solution
of the MLE if we consider a simpler case of m = 2. In
[1], an approximate MLE for the Gaussian copula model is
shown because it takes quite a while to solve the constrained
optimization problem in order to obtain the MLE in high
dimensions. The approximate MLE is given by

diag (5) /%S diag ()2, (13)

where diag(S) is the diagonal matrix whose diagonal elements
are equal to those of S. We can easily consider an iteration
algorithm to obtain an approximate y-estimator to combine
(12) and (13). The update formula of the algorithm is given by

P, = diag (z7,,) x;,, diag (7,,) % (9)

t+1

>

where

n
¥ =(1+y) Zw (x(l), P’ ) X x, (15)

i=1

If n is infinity, P, and P, converge to the same correlation
matrix when t tends to co. However P, and P are different
in general. P, is preferred to P in terms of accuracy.

3. Projective Power Entropy and y-Estimator

In Section 3.1 the projective power entropy and the y-
estimator are given. In the next subsection we discuss an
appropriate measure for the Gaussian copula model.

3.1. Projective Power Entropy and the y-Estimator. The projec-
tive power entropy of f(x) with the index y and the measure
Q is defined as

1/(1+y)

1, (F1Q =-[[ re'ra@o] . 06

If Q is the Lebesgue measure denoted by Q; and f(x) is a
probability density function, then we have

lim Hy (f | QL) +1

y—0 Y
where Hy(f | Q) is defined by — [ f(x)log f(x)dx, which
is equivalent to the Boltzmann-Shannon entropy. The pro-

jective power cross entropy between g(x) and f(x) with the
index y and the measure Q is defined as

[ 90 f®)'Q(dx)
[ rwe@oy™
The projective power divergence is given by
Dy(g’fIQ)zcy(g>f|Q)_Hy(g|Q) (19)

Dy(g,f | Q) satisfies Dy(g,f | Q) =0, and Dy(g,f |Q)=0
if and only if g(x) = f(x), so Dy(g, f | Q) can be seen as a
kind of distance between g and f.

Let x'V, .., x™ be a random sample from a probability
density function g(x) and f(x;0) a statistical model. Since
we want to find the closest distribution to g(x) in the model
f(x;0), we want to find the minimizer of D,(g; f:60)1Q),
which is equal to the minimizer of Cy(g, f(50) ] Q). IfQ has
the Radon-Nikodym derivative g, then Cy(g, f(50) | Q)is
equal to

=H,(f1Qu), 7)

Cy(g’f | Q) ==

- j 9@k, (01Q) f(x:0)"q (x)dx, (20)

where

/(1+y)

501 = (] fmogeax) T @

Empirically the projective power cross entropy C, (g, f(6) |
Q) can be estimated by

LO1Q=-Y%01Q f(x%6)a(x"), @
i=1

which is called the loss function. Note that
E(L,(01Q)=C,(g.f(50)1Q). (23)

The original y-estimator 8
loss function LY(O | Q):

, is defined by the minimizer of the

éy = argznin L,(01Q). (24)

Note that we are not necessarily seeking to the global mini-
mizer. Rather, we allow the loss function to be multimodal,
so we refer the y-estimator to the set of the local minimizers.
See [4, 5] for details of the y-estimator.



3.2. Choice of the Carrier Measure. In calculating the y-
estimator, the measure Q can be determined by each user.
Here we propose, for Gaussian copula models, the use
of a measure, denoted by Qg, of which Radon-Nikodym
derivative is given by J(x5) 7, where J(x;) is the Jacobian of
the transformation x;(u). From now on we refer this choice
to Qg and explain its rationale by virtue of invariance.

We assume that x = (x;,...,%,,) ~ ¢(x;P), where
¢(x; P) denotes the probability density function of the m-
dimensional Gaussian distribution with mean 0 and cor-
relation matrix P. Let u = (®(x,),...,P(x,))"; then
u ~ cg(w P). If the underlying distribution of x is g(x),
then u ~ c(u), where c(u) is given by g(xg(u))J(xg). It is
noteworthy that the projective power cross entropy between
g(x) and ¢(x;P) based on x is not always equal to the
projective power cross entropy between c(u) and ¢;(u; P)
based on u. So the y-estimator based on x does not coincide
with the y-estimator based on u.

It is natural for us to require the equivalence of the two
y-estimators, and therefore we employ the measure Qg (u). It
is striking that the projective power cross entropy between
c(u) and ¢;(u; P) calculated under the measure Qg is equal to
the projective power cross entropy between g(x) and ¢(x; P)
calculated under the Lebesgue measure Q;,

C, (g (:P) Q) =Cy (9.6 (:P) Q). (25)

which is proportional to

— det (p) Y20+ I g (x) exp (-%;p*k) dx.  (26)
Obviously there is equalization of the two y-estimators. Note
that the loss function associated with cross entropy (26)
becomes (4).

The argument above extends to a general statement. For
given one to one transformation y(x) x — v x(y)
denotes the inverse function of y(x) and J(y — x) denotes
the Jacobian of the transformation x(y). Any nonnegative
functions g(x), f(x) satisfy

CaxONI(y—x),f &I y—x) Q)

:Cy(g’f | QL)’

if and only if the Radon-Nikodym derivative of Q is equal
to J(y — x)7’. When g(x) and f(x) are the probability
density functions, to consider the projective power cross
entropy on x under the Lebesgue measure is equal to consider
the projective power cross entropy on y under the measure
having J(y — x) " as its Radon-Nikodym derivative.

(27)

4. Property of the y-Estimator

The y-estimator for the Gaussian copula model under infinite
sample size is equal to the set of the local minimizers of
Cy(c,cG(';P) | Qg). In this section we leave aside the
empirical loss function L, (P) for the moment and investigate
the property of the y-estimator (at » infinity) through
Cy(c, (5 P) | Qg). First we consider the case where there
is no misspecification.
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Theorem 1. If c(u) = cg(u; Py), then Cy(c, (5 P) | Qg) has
the local minimum at P,.

In this case we note that the y-estimator is equal to {P,},
which implies Fisher consistency. For asymptotic properties
the y-estimator has asymptotic consistency and normality.

Next we consider the misspecification case where the true
data generating process is given by (1). We see that

C, (c.66 (5P) 1 Qg) = 7C, (6 (s Py) 5 (5P) | Qg)

+(1-7)C, (5 (5P) 5 (5P) 1 Qg)»
(28)

which is proportional to

- _ _ _1\-1/2
— det pTY204Y) TdetPll/zdet(P11+yP 1) !

+(1-1) detPZ’l/2 det (P;1 + yP’l)_l/z] .
(29)

C,(65(5P) [ Qg)isa weighted mean of the two projective
power cross entropy. Each component is a unimodal func-
tion, bounded above by 0 and has one local minimum at P,
and P,, respectively. So we expect that Cy(c, c(5P) | Qg)
has two local minima and these local minimizers are near
P, and P,, respectively, if P, and P, are sufficiently “distinct”
However it is hard to formulate such a phenomenon mathe-
matically so we show through easy examples and a graph that
such a phenomenon occurs. To obtain numerical solutions,
we use the expected (or population) version of the algorithm
in Section 2.3.

Example 2. In the case with dimension 2, Cy(c, (P |
Q) is a univariate function of p, which is the nondiagonal
element of P. Let P, and P, be

(1 P
Pl_(P* 1>’

y = Landt = 05 If p, > \6- V28 = 0.842, then
Cy(c,cG(~;P) | Qg) has two local minima in the interval
(=1,0) and (0, 1), respectively.

— 1 ~Px
P2 B <_P* 1 >, (30)

Example 3. Suppose the true correlation matrices P, and P,
are given as follows, and P stands for the parameterization of
the statistical model we fit:

-0.9 0.9°

1 09 09 1
=09 1 09|, p=(-09 1 -09],
09% 09 1 0.9 -09 1

L pr pips
P={p 1 p |
PPy P21
(31

We also set 7 = 0.5 and y = 1. Note that —C],(c, (5 P) |
Q) is a function of p; and p,. Figure 1 shows the graph of
—Cy(c, ¢ (5 P) | Q). We can see there exist two local maxima
at (0.86,0.86) and (-0.86, —0.86).
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F1GURE I: Illustration of —C},(c, (5 P) 1 Qg).

Example 4. Suppose T = 0.4 and y = 1. When P}, P,, and P
are given by

1 09 0.7 0.7
p_[09 1 0907
1710709 1 07 )’
0.7 0.7 0.7 1
1 -09 0.7 0.7
-09 1 -09 -0.7
P, = 07 -09 1 0.7 ? (32)
0.7 -0.7 0.7 1
Lopprops
p=| P L py ps
P2 ps 1 ps
Ps Ps Ps 1
Then Cy(c, (5 P) | Qg) has two local minima at
1 0.871 0.686 0.699
P 0.871 1 0.871 0.683
~ | 0.686 0.871 1 0.699 |’
0.699 0.683 0.699 1
(33)
1 -0.892 0.695 0.700
p= —0.892 1 —-0.892 -0.696
- 0.695 -0.892 1 0.700
0.700 -0.696 0.700 1

Like these examples, C,(c, (5 P) | Qg) has some local
minima depending on the underlying distribution. Owing to
this property we can detect the heterogeneous structures of
the underlying distribution under misspecification.

5. Maximum Entropy Distribution

So far we have considered the y-estimation of the Gaussian
copula model. In this section we uncover that the choice of
copula model can be characterized in terms of the maximum
entropy distribution. In this regard, the most closely related
work is in [2], in which the MLE on meta-t-distribution
is addressed. A t-copula is deduced from a multivariate ¢-
distribution while the meta-t-distribution is constructed by

linking a ¢t-copula to univariate ¢-distributions as its marginal
distributions. In our framework, [2]’s work can be interpreted
as the maximum likelihood estimation of t-copulas with
the marginals estimated simultaneously. Actually the y-
estimation of Gaussian copulas and the maximum likelihood
estimation of t-copulas look very similar and share a common
idea.

In [4], it is analyzed what the maximum projective power
entropy distributions would be under the given (population)
mean vector and covariance matrix. The answer depends on
the power index y. When y = 0, the Gaussian distribution
emerges as the maximum projective power entropy distribu-
tion. If y < 0, the t-distribution comes up. We show that
a similar result holds for copulas. Let ¢, be the cumulative
distribution function of the ¢-distribution with degrees of
freedom v, and x, ,,(u) = (t;l(ul), - t;l(um))T. We suppose
thaty = -2/(v + m),Q,,(du) = J(x,,) "du. Let €, (P) be
the set of probability density functions c(u) on [0, 1]” which
satisty the following equation:

J c(u)x,, (W)x,,(u) du= ——P. (34)
0,11 v—2

Let f,(x;7, P) denote the probability density function of ¢-
distribution with degrees of freedom v and correlation matrix
P, and let ¢,(u; v, P) denote the probability density function of
its copula (t-copula):

Ct(ll;’)/,P) = ft (X‘t,v(u);v’P)](xt,V)’

I'((v+m)/2) 172
(x; v, P) = ———~——= det (vaiP)
S T (v/2) (35)
TPl \ 2
X <1 + ) .
v
Then we see
argmaxH, (c | Q,,) = ¢ (w7, P).
c€B,(P) Y b ' (36)
Ify — 0,thent, —» ®and Q;, — Q. So we see that
argmax Hy (¢ | Q) = ¢g (w; P). (37)

c€@,(P)

That is, t-copula can be characterized as the maximum
projective power entropy distribution on [0, 1]”. Moreover
it has limiting equivalence (by letting y — 0) with
the Gaussian copula which is tagged with the maximum
Boltzmann-Shannon entropy distribution. We call these
maximum projective power entropy copulas the y-copulas.
Let us consider the relationship between the y-copula and
the y-estimation. Our method is discussed on the pair of the
Gaussian copula (0-copula) and y-estimator. On the other
hand [2] discussed on the pair of y-copula model (y < 0) and
the MLE (0-estimator). We see a sort of duality relationship
between two choices of the pair.

6. Robustness

In this section we examine robustness of the y-estimator for
the Gaussian copula model through its influence function.



The influence function measures the asymptotic bias caused
by contamination at the x. The boundedness of the influence
function means boundedness of the influence from the
outlier, hence its robustness. The influence function of the y-
estimator is given in Section 6.1. We show that it is bounded
when y > 0. In the next subsection, a brief simulation is
performed.

6.1. Influence Function. The y-estimator for the Gaussian
copula model can be regarded as a functional T'(g) of a
distribution g defined by

argsolve J exp <—§XTP_1X> v (P_1 —(1+y) P_lxxTP_l)

P
x g(x)dx=0.
(38)
Let v, (x; P) be
. - Y 151 -1 -1__Tp-1
¥, (x P) = exp —5X P 'x V(P -(1+y)P 'xx'P )
(39)

Then the influence function IF(x; T, g) of the y-estimator is
given by

P (sT.9) = | [9, (6T (0) g ax] v, (6T (4),
(40)

where 1/}y(x; pP) = (a/av(P))l//],(x; P). See [7] for details.
The boundedness of the influence function is equivalent to
the boundedness of y,, (x; P). The following theorem gives a
bound of wy(x; P).

Theorem 5. When y = 0, that is, for the MLE, the influence
function is not bounded. When y < 0, the influence function is
not bounded. When y > 0, the influence function is bounded
and a bound is given by

_ 2(1+ _ _

“% (x;P)” < "v(P 1)" + 201+y) o V) "P ep 1/2“, (41)
where ® denotes the Kronecker product and |h|| for an m-
dimensional vector h denotes the Euclidean norm defined by

VhTh.

For example, if P is equal to I, then [ly, (x; I, < (2(1 +
y)/ey)m.

6.2. Simulation. This subsection describes the results of
Monte Carlo simulations carried out in order to examine the
robustness of the y-estimator for the Gaussian copula model.
We generate 500 pseudorandom samples of size 500 from
distribution

0.9¢; (u, P) + 0.1¢; (u, 1), (42)

ISRN Probability and Statistics

TaBLE 1: RMSE of the norm for the y-estimator and MLE.

pGE ﬁMLE
0.155 0.808

RMSE

where ¢5(u, I}) is equal to the independent copula and P is
given by

1 0.846 . 0.846
1 0846 --- 0.846
pP= e ) (43)
1

For each sample, we calculate the y-estimator f’GE for the
Gaussian copula model with y = 0.5 and the MLE Py, for
the Gaussian copula model. We use the norm |P - PJ as the
accuracy measure. Table 1 shows the root mean squared error
(RMSE) of the norm for the y-estimator and MLE. We can see
that the norm for the y-estimator is less than that for the MLE,
so we see that the y-estimator is more robust than the MLE.

7. Simulation Study

The property of the y-estimator to detect heterogeneous
structures is investigated by a bunch of simulations. A
comparison of the y-estimator with the MLE for a mixture
Gaussian copula (1) is also discussed.

71. Simulation Setup. We conducted two kinds of simulation.

Simulation 1. The underlying distribution was constructed
based on the one factor Gaussian copula model [8]. Suppose

x;=aW++\l-a’e, i=1,...,m, (44)

where W, ¢,,...,¢, have independently the standard nor-
mal distribution. Then we see x ~ @®(x;P), u =
((D*l(xl), ... ,dfl(xm)) ~ ¢g(u; P), where P = (pij)ij satisfies

L, i=j
= 45
Py <]a,-aj, i#j. (45)

Let the underlying distribution be (1), where ¢5(u; P;) and
¢; (u; P,) are made from the one factor Gaussian copula
model. This model means that the dependence structure is
expressed by the mixture of Gaussian copulas. Set T = 0.5. P,
is made with

a = (0.92,0.92,0.92,0.92,0.92,0.92,0.92,0.92,0.92,0.92)",
(46)

and P, with
a =(-0.92,0.92,-0.92,0.92,-0.92,0.92,

(47)
-0.92,0.92,-0.92,0.92)".
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Then we have

1 0.846 --- 0.846

(48)

1 -0.846 0.846 --- —-0.846

1

oo
1l

1

The y-estimator for the Gaussian copula model with y =
0.7 is investigated. Initial values of P which is used in calcu-
lating the y-estimator are AR(£0.1), AR(+0.3), ..., AR(+0.9),
where AR(p) is the correlation matrix whose (i, j) component
(i < j)is equal to p’™". If the y-estimator has two components
G, and G, such that

|G, - P || < |G, - P, (49)

then G, is thought of as an estimator of P, and denoted by
PI,GE. Similarly G, for P, and denoted by 132’GE.

We adopt the MLE for a mixture Gaussian copula model
(1). Although P, and P, are the correlation matrices, we
tentatively view them to be the covariance matrices and use
EM-Algorithm to obtain an approximate MLE. The obtained
estimators P, and P, are not necessarily the correlation matri-
ces, so they are transformed into the correlation matrices by

diag (E)_I/Zﬁi diag (E)_l/z, (50)

which is denoted by IA’i’MLE for i = 1,2. The initial value
of (, P;, P,) which is used in calculating the MLE is set to
(0.5, AR(0.5), AR(-0.5)).

A set of data of size n (n = 500, 1000) was generated from
(1), and the norm of P?LGE - P, ﬁZ,GE - P, 131,MLE - P, and
P, \i1i — P, were calculated. 500 simulations were carried out,
and then, we calculated the RMSE of the norm based on 500
norm values obtained by simulation. The results are shown in
Table 3.

Simulation 2. Suppose that the underlying distribution is

c(w) =165 (6 P)) + 7y (w P) + (1 -7, — 75) ¢ (w5 11(()) ’)
51

where 7, = 7, = 0.45 and P,, P, are the same in Simulation 1.
The other settings are the same as in Simulation 1. The results
are shown in Table 5.

7.2. Result

Result of Simulation 1. Table 2 shows the ratio for the y-
estimator to detect two correlation matrices. For n = 500
nearly 80 percent was successful, and for n = 1000 it
worked out almost perfectly. From Table 3, the MLE had

TABLE 2: Ratio of the number of success for the y-estimator to detect
two correlation matrices.

n 500 1000
Ratio 0.768 0.968

TaBLE 3: Simulation 1. RMSE of the norm of 131,GE - PI,PLMLE -
Py, Py = Py, and Py — P,

n Py ge Py vip Py ge Py e
RMSE 500 0.600 0.184 0.476 0.186
1000 0.479 0.127 0.431 0.129

TABLE 4: Ratio of the number of success for the y-estimator to detect
two correlation matrices.

n 500 1000
Ratio 0.61 0.966

TaBLE 5: Simulation 2. RMSE of the norm of P, o — Pl’ﬁl,MLE -
P, Pygp = Py, and Py g — Py.

n Pige Pyvie Py ce Py e
RMSE 500 0.494 0.946 0.563 0.952
1000 0.468 1.010 0.438 1.032

better performance than the y-estimator. However this is
natural because the MLE is used under no misspecification.

Result of Simulation 2. Table 4 shows the ratio for the y-
estimator to detect two correlation matrices. Compared to the
result of Simulation 1 the detection rate at n = 500 gets worse
while at n = 1000 the result is almost alike in Table 2. From
Table 5, we find the MLE is considerably underperforming
and the y-estimator is much better.

8. Discussion

We have considered an estimation problem for misspecified
Gaussian copula model. By the simulation study our method-
ology has been found to work well for misspecification.
Though we did not consider how to determine the value
of y, this problem was considered in [9] for independent
component analysis. It could be possible to follow their
method in our problem, but it is currently a future problem.

We choose the measure in terms of invariance. However
the y-estimator obtained is equal to the estimator with
normal distribution as a statistical model, so it seems natural.
If we use Lebesgue measure in calculating the y-estimator for
Gaussian copula model, we cannot calculate the projective
power entropy for all the value of y and P.

Another issue is to what extent the methodology here
works for time series data. Because the basic premise of
this paper is that we have data as quantiles, our method
would fit, for example, the modeling of unconditional loss
distribution [1, page 28]. Such a case is of particular interest
when the time horizon over which we measure our losses
is relatively large. When we are working on the conditional



modeling, our method should be regarded as a tool for the
post analysis. As a typical case, we may want to apply our
mixture copula approach to multivariate log-return series
which are appropriately standardized and declustered by the
multivariate GARCH model fitted to them. See [2] for more
details.

Appendices
A. Derivation for the Algorithm

We derive the estimation equation for P. Since P is symmetric
and positive definite, there exists a matrix R of size m which
satisfies P = RR". The ith diagonal element of P is expressed
by e/ RR"e;, where e; is the m-dimensional column vector
whose ith element is 1 and the other elements are 0. Since
the diagonal elements of P are equal to 1, Lagrange function
becomes

AR = (det R_l)y/(lﬂl)z exp <—§x(i)TR_1TR_1x(i)>
i=1
m
+ Z/\,» (e] RRTe; — 1),
i=1

(A1)
where A = (A,...,A,,)" is Lagrange multiplier. We differ-
entiate (A.1) with respect to R~ with the technique in [10].

The differential of Y- A,e] RR"e;, which is defined in [10,
Sections 5.3 and 5.16], is

d <Z)LieiTRRTei> = d(tr (R" diag (A) R))
i=1

= tr (2R" diag (1) (dR)) (A2)

= tr (-2RR" diag () R (dR ")),

where diag(A) is the diagonal matrix whose diagonal elements

are A, ..., A,,. From Table 2 in [10, Chapter 9] we have
e lz/\ e/ RR"e; = —2R" diag (\) RR". (A3)
Set the derivative of (A.1) to O; then we have
aA(Ii,A): Y (d ‘R )V/HV)R
OR7! (1+7y)
xZex ( Y@ R1TR (’)>
P x
—1\¥/(1+y)
- y(d tR ) R (A.4)
N jou 1 > (i) )T
X ) ex R! R X
Yo (-3x
—2R" diag (A) RR"
= 0.
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Multiply R from the left side of (A.4); then (A.4) becomes

P =A+aPdiag(A) P, (A.5)
where
" ; N T
A=(1+y) Zwy (x(’), P) xVx® ,
i=1
_1\Y/(1+y)
a:g(ll’y(detR Dl (A.6)

-1
Son(Bwe)
=1
From the constraint about the diagonal elements of P, we have
Diag (I,, — A) = Diag (aP diag (A) P). (A7)

In general, for any square matrices X and Y of size m and m-
dimensional column vector x, we have

Diag (X diag(x)Y) = (X oY) x. (A.8)
So (A.7) becomes
A= é(P o P)'Diag (I,, - A). (A.9)
Then we have
P=A+Pdiag((PoP) 'Diag(l,, - A))P,  (A10)
and use this estimation equation as an update formula.
B. Proof of Theorem 1
We see that
C, (g (5P)»cc (5P) 1 Qq)
(B.1)

oc — det P2V det (P + yR,) /.

Consider a monotone transformation of the right hand side
of (B.1) to obtain

—log [det P2 et (P + yPO)_l/Z]

1 (B.2)
=-————logdet P+ -

2(1+vy)

For any P # P, let P,
by

log det (P + yPy).

= (1 -t)Py +tP,(t > 0) and define f(¢)

f@=- log det P, + %log det (P, + yP,). (B.3)

_
2(1+vy)
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We see

1

[ = —mtr[Pfl (P-Py)]

+ % (B +yR) " (P-B)]
2(11+ N H< 1 ivpt ' IIYPO)_I
_pt‘l}(P—Po)]
sl )

1
X {Pf_<_1+ypf+ 11)}130)}].

Let Dy(cg (5 Py), ¢g(+; P,)) be the Kullback-Leibler divergence
between c¢s(w;P)) and c¢g(w; Py). It is well known that
Dy(cg(;5 Py),¢g(+s Py)) = 0and equal to O ifand only if P, = P,.
So for P, # P,, we have

(B.4)

i (5P))

(B.5)

Dy (¢ (5Py) ¢ (5Py)) + Dy (g (5 Py

= S (B -B) (B, P)) >0

If weread as P, = P, and P, = (1/(1 + y))P, + (y/(1 + y))P,,
then we see that f'(t) > 0. The proof is complete.

C. Proof of Theorem 5

If y = 0 we see

Yo (s P)=v(P - P'xx"P'). (C1)

It is obvious that [ly,(x; P)| is not bounded with respect to
x. Next if y#0, then let P! = (PY%)? where PY?isa

~1/2

symmetric matrix. Sety = P~ /°x; then

¥, (x; P) = exp <—§yTy> V(p’l ~(1+7y) P*l/ZnyP—l/Z)‘

(C2)
Express y in polar coordinate; then
y = rp(0) = r(cosB,,sin 6, cosb,,...,sinb, ---sinf,, )",
(C.3)

where0<r,0<80,,...,0,,, <m,0<0,,_, <2r Hence

v, (x; P) = exp <—Xr2>

xv(P =7 (1+y)Pp () p6) P?).

(C.4)

Ify <0andr — o0, then we see IIU/Y(X; P)| is not bounded.
Next if y > 0, we see

vy 6P = exp (<227 [o (2]
e (—%r2> r’ (1+y)

x|v(P2p(6) p6) P

(C.5)

Since exp(—(y/2)r*) < 1, exp(—(y/2)r*)r* < 2/(ey),
vy o P < v (P7)]

2(1+y) " vec

o (P2p @ p@®"P)|,

(C.6)
where vec denotes the vec operator. In addition we observe

[vec (P72 p (6) p(6)" P12

= |(P e P ) vec(p@® p®))] (€7
< |27 & P77)| [vec (p ® p©)")] -
Since
[vec (p©) p(@)7)] = tr (p ©) p(6) p 6) p©®)")"* =1
<9
‘Wwe see

I o2 < ()] 22 e 0

D. Proof of the Statement {-Copula Is the
Maximum Projective Power Entropy
Distribution with y < 0

We see
H, (¢ (:%P) Q)
1/(1+y)
_ _H ¢(w», P)'"'Q,, (d“)]
(017" (D)

Jioy 6w v, PYYQ,, (duw)

y/(1+y)
[.[[0,1]'" Ct(ll; Vs P)lerQt,v (dll)]

The numerator of (D.1) becomes

j ¢ (w2, P)'1Q, , (du)
[0,1]™"

J 6 (w7, P)g(w, P)'Q,, (du)
o (D.2)

J ¢ (wn,P) fi(x, (w);, P)du
[0,

J ¢ () f,(x,, (u);v, P)"du,
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forc e %Y(P). Hence

Hy (Ct ('; V, P) | Qt,v)

.[[0,1]”‘ ¢ (u) (w7, P)'Q,, (du)

T y/(1+y) (D3)
[f[m]m ¢(wv,P)'Q,, (du)]

=C, (¢ (5mP) Q) 2H,(c Q).

References

(1]

(7]
(8]

(9]

(10]

A. J. McNeil, R. Frey, and P. Embrechts, Quantitative Risk
Management: Concepts, Techniques and Tools, Princeton Series
in Finance, Princeton University Press, Princeton, NJ, USA,
2005.

R.Zhang, C. Czado, and A. Min, “Efficient maximum likelihood
estimation of copula based meta ¢-distributions,” Computa-
tional Statistics & Data Analysis, vol. 55, no. 3, pp. 1196-1214,

2011.

R. B. Nelsen, An Introduction to Copulas, Springer Series in
Statistics, Springer, New York, NY, USA, 2nd edition, 2006.

S. Eguchi, O. Komori, and S. Kato, “Projective power entropy
and maximum Tsallis entropy distributions,” Entropy, vol. 13,
no. 10, pp. 1746-1764, 2011.

H. Fujisawa and S. Eguchi, “Robust parameter estimation with a
small bias against heavy contamination,” Journal of Multivariate
Analysis, vol. 99, no. 9, pp. 2053-2081, 2008.

B. Kim and S. Lee, “Robust estimation for the covariance
matrix of multivariate time series based on normal mixtures,”
Computational Statistics & Data Analysis, vol. 57, pp. 125-140,
2013.

P.J. Huber, Robust Statistics, John Wiley & Sons, New York, NY,
USA, 1981.

J. Hull and A. White, “Valuation of a CDO and an n-th to
Default CDS Without Monte Carlo Simulation,” The Journal of
Derivatives, vol. 12, no. 2, pp. 8-23, 2004.

M. N. H. Mollah, M. Minami, and S. Eguchi, “Exploring latent
structure of mixture ICA models by the minimum f-divergence
method,” Neural Computation, vol. 18, pp. 166-190, 2006.

J. R. Magnus and H. Neudecker, Matrix Differential Calculus
with Applications in Statistics and Econometrics, Wiley Series in
Probability and Statistics, John Wiley & Sons, Chichester, UK,
1999.

ISRN Probability and Statistics



Advances in Advances in Journal of Journal of
Operations Research lied Mathematics ability and Statistics

il
PR
S Rt
£ 2 §

\ ‘

The Scientific
\{\(orld Journal

International Journal of
Differential Equations

Hindawi

Submit your manuscripts at
http://www.hindawi.com

International Journal of

Combinatorics

Advances in

Mathematical Physics

%

Journal of : Mathematical Problems Abstract and Discrete Dynamics in
Mathematics in Engineering Applied Analysis Nature and Society

Journal of

Complex Analysis

International
Journal of
Mathematics and
Mathematical
Sciences

Journal of
'

al of Journal of

Function Spaces Stochastic Analysis Optimization

Journal of International Jo




