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Estimation of VARMA Models

In this chapter, maximum likelihood estimation of the coefficients of a VARMA
model is considered. Before we can proceed to the actual estimation, a unique
set of parameters must be specified. In this context, the problem of nonunique-
ness of a VARMA representation becomes important. This identification prob-
lem, that is, the problem of identifying a unique structure among many equiv-
alent ones, is treated in Section 12.1. In Section 12.2, the Gaussian likelihood
function of a VARMA model is considered. A numerical algorithm for maxi-
mizing it and, thus, for computing the actual estimates is discussed in Section
12.3. The asymptotic properties of the ML estimators are the subject of Sec-
tion 12.4. Forecasting with estimated processes and impulse response analysis
are dealt with in Sections 12.5 and 12.6, respectively.

12.1 The Identification Problem

12.1.1 Nonuniqueness of VARMA Representations

In the previous chapter, we have considered K-dimensional, stationary pro-
cesses y; with VARMA(p, ¢) representations

Yt = Alytfl + -4 Apytfp + Ut + Mlutfl + -4 MqUtfq. (1211)

Because the mean term is of no importance for the presently considered prob-
lem, we have set it to zero. Therefore, no intercept term appears in (12.1.1).
This model can be written in lag operator notation as

A(L)y: = M(L)uy, (12.1.2)

where A(L) := Ix —A4L—---—A,L” and M (L) := Ix + ML+ ---+ M,L9.
Assuming that the VARMA representation is stable and invertible, the well-
defined process described by the model (12.1.1) or (12.1.2) is given by
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ye =Y Py =D(L)uy = A(L)™ M (L)u.
=0

In practice, it is sometimes useful to consider a slightly more general type
of VARMA model by attaching nonidentity coefficient matrices to y; and wy,
that is, one may want to consider representations of the type

Aoyt = Avyer + -+ Apye—p + Movy + Myve_y + - - + Mgve—g, (12.1.3)

where v; is a suitable white noise process. Such a form may be suggested by
subject matter theory which may imply instantaneous effects of some variables
on other variables. It will also turn out to be useful in finding unique structures
for VARMA models. By the specification (12.1.3) we mean the well-defined
process

yr = (Ag — Ay L — - — A LP) Y(Mo + My L+ -+ + M,L%)v,.

Such a process has a standard VARMA (p, ¢) representation with identity coef-
ficient matrices attached to the instantaneous y; and wu; if Ag and M, are non-
singular. To see this, we premultiply (12.1.3) by A, * and define u; = A, Mov;
which gives

ye = AgtAwya+ o+ A Ay e+ Ay MM Aguy g + -
+ A M My Aguy .

Redefining the matrices appropriately, this, of course, is a representation of
the type (12.1.1) with identity coefficient matrices at lag zero which describes
the same process as (12.1.3). The assumption that both A and M are nonsin-
gular does not entail any loss of generality, as long as none of the components
of y; can be written as a linear combination of the other components. We call
a stable and invertible representation as in (12.1.1) a VARMA representation
in standard form or a standard VARMA representation to distinguish it from
representations with nonidentity matrices at lag zero as in (12.1.3). This dis-
cussion shows that VARMA representations are not unique, that is, a given
process y; can be written in standard form or in nonstandard form by premul-
tiplying by any nonsingular (K x K) matrix. We have encountered a similar
problem in dealing with finite order structural VAR processes in Chapter 9.
However, once we consider standard reduced form VAR models only, we have
unique representations. This property is in sharp contrast to the presently
considered VARMA case, where, in general, a standard form is not a unique
representation, as we will see shortly.

It may be useful at this stage to emphasize what we mean by equivalent
representations of a process. Generally, two representations of a process
are equivalent if they give rise to the same realizations (except on a set of
measure zero) and, thus, to the same multivariate distributions of any finite
subcollection of variables v, y¢+1,-..,Y:+n, for arbitrary integers ¢ and h.
Of course, this specification just says that equivalent representations really
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represent the same process. If y; is a zero mean process with canonical MA
representation

v = Y B, o= I,
i=0
= @(L)uy, (12.1.4)

where @(L) := Y2, ®;L", then any VARMA model A(L)y; = M(L)u, for
which

ALY *M(L) = &(L) (12.1.5)

is an equivalent representation of the process y;. In other words, all VARMA
models are equivalent for which A(L) *M (L) results in the same operator
@(L). Thus, in order to ensure uniqueness of a VARMA representation, we
must impose restrictions on the VAR and MA operators such that there is
precisely one feasible pair of operators A(L) and M (L) satisfying (12.1.5) for
a given ¢(L).

Obviously, given some stable, invertible VARMA representation A(L)y; =
M(L)uy, an equivalent representation results if we premultiply by any non-
singular matrix Ag. Therefore, to remove this source of nonuniqueness, let us
for the moment focus on VARMA representations in standard form. As men-
tioned earlier, even then uniqueness is not ensured. To see this problem more
clearly, let us consider a bivariate VARMA(1, 1) process in standard form,

Yo = A1ye—1 + ug + Miug_1. (12.1.6)

From Section 11.3.1, we know that this process has the canonical MA repre-
sentation

oo oo
Yy = Z@iut,i = u; + Z(Aq + A’flM])ut,i. (12.1.7)
i=0 i=1
Thus, for example, any VARMA(1,1) representation with M; = —A; will
result in the same canonical MA representation. In other words, if it turns
out that y; is such that M; = —A; for some set of coefficients, then any

choice of A; matrix that gives rise to a stable VAR operator can be matched
by an M; matrix that leads to an equivalent VARMA(1, 1) representation
of y;. Of course, in this case, the MA coefficient matrices in (12.1.7) are
in fact all zero and 1y; = wu; is really white noise, that is, y, actually has
a VARMA(0,0) structure. This fact is also quite easy to see from the lag
operator representation of (12.1.6),

(12 — AlL)yt = (IQ —+ MlL)Ut.

Of course, if M1 = — Ay, the MA operator cancels against the VAR operator.
This type of parameter indeterminacy is also known from univariate ARMA
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processes. It is usually ruled out by the assumption that the AR and MA
operators have no common factors. Let us make a similar assumption in the
presently considered multivariate case by requiring that g; is not white noise,
i.e., M1 7é —Al.

Unfortunately, in the multivariate case, the nonuniqueness problem is not
solved by this assumption. To see this, suppose that

0 «
Al_[o 0] and M; =0,

where a # 0. In this case, the canonical MA representation (12.1.4) has coef-
ficient matrices

djl :Ala @2 :djg = :O, (1218)

because A% =0 for i > 1. The same MA representation results if

A1:0 and M1|:83[:|

More generally, a canonical MA representation with coefficient matrices as in
(12.1.8) is obtained if

Alz{g “Em} and Mlz{g _(;”‘],

whatever the value of m. Note also that the VARMA representation will be
stable and invertible for any value of m.

To understand where the parameter indeterminacy comes from, consider
the VAR operator

I — [8 8‘} L. (12.1.9)

The inverse of this operator is

0 «
I+ [ 00 } L, (12.1.10)

which is easily checked by multiplying the two operators together. Thus, the
operator (12.1.9) has a finite order inverse. Operators of this type are precisely
the ones that cause trouble in setting up a uniquely parameterized VARMA
representation of a given process because multiplying by such an operator
may cancel part of one operator (VAR or MA) while at the same time the
finite order of the other operator is maintained.

To get a better sense for this problem, let us look at the following
VARMA(1,1) process:

A(L)ys = M(L)uy,
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A(L) := [ 1 _gllL _a112L } and M(L):= [ 1 +6n11L m112L

The two operators do not cancel if aq1 7% —mq1 and @12 # —ma2. Still we can
factor an operator

=48] +[0 3= [ %]

from both operators without changing their general structure:

1—apnl —(y+a)l ]

A(L) = D(L) { 5 .

M(L) = D(L) [ 1+ZLHL (mlzl—’Y)L } '
Cancelling D(L) gives operators

I 170&11[; 7(’)/—|—()612)L o 1—|—()&11L 7(2")/4—0/12)[/
0 1 = D(L) 0 1

and

0 1

[ 1+ m11L (m12 — ’)/)L :| 1+ mllL (’ITL12 — Q’Y)L :|

_D(L)[ 0 1

Thus, we can again factor and cancel D(L). In fact, we can cancel D(L) as
often as we like without changing the general structure of the process. Hence,
even if the orders of both operators cannot be reduced simultaneously by
cancellation, it may still be possible to factor some operator from both A(L)
and M (L) without changing their general structure. Note that the troubling
operator D(L) is again one with finite order inverse,

D(L)™ = { (1) ?L } .

Finite order operators that have a finite order inverse are characterized by
the property that their determinant is a nonzero constant, that is, it does not
involve L or powers of L. Operators with this property are called unimodular.
For instance, the operator (12.1.9) has determinant,

0 « 1 —alL
efo g )e= [0
and, hence, it is unimodular. The property of a unimodular operator to have

a finite order inverse follows because the inverse of an operator A(L) is its
adjoint divided by its determinant,




452 12 Estimation of VARMA Models
A(L)™" = A(L)*Y /| A(L)| = |A(L)| T A(L)*%.

The determinant is a univariate operator. A finite order invertible univariate
operator, however, has an infinite order inverse, unless its degree is zero, that
is, unless it is a constant.

In order to state uniqueness conditions for a VARMA representation, we
will first of all require that a representation is chosen for which further can-
cellation is not possible in the sense that there are no common factors in the
VAR and MA parts, except for unimodular operators. Operators A(L) and
M (L) with this property are left-coprime. This property may be defined by
calling the matrix operator [A(L) : M(L)] left-coprime, if the existence of
operators D(L), A(L), and M (L) satisfying

D(L)[A(L) : M(L)] = [A(L) : M(L)] (12.1.11)

implies that D(L) is unimodular, that is, |[D(L)| is a nonzero constant. From
the foregoing examples, it should be understood that in general factoring
unimodular operators from A(L) and M (L) is unavoidable if no further con-
straints are imposed. Thus, to obtain uniqueness of left-coprime operators we
have to impose restrictions ensuring that the only feasible unimodular oper-
ator D(L) in (12.1.11) is D(L) = I'x. We will now give two sets of conditions
that ensure uniqueness of a VARMA representation.

12.1.2 Final Equations Form and Echelon Form

Suppose y; is a stationary zero mean process that has a stable, invertible
VARMA representation,

A(L)yr = M(L)uy, (12.1.12)

where A(L) := Ag— A1 L—---—A,L? and M(L) := Mo+ M L+---+ M,LA.
Further suppose that A(L) and M(L) are left-coprime and the white noise
covariance matrix X, is nonsingular.

Definition 12.1 (Final Equations Form)

The VARMA representation (12.1.12) is said to be in final equations form if
My = Ix and A(L) = a(L)I, where o(L) :=1—aqL —---—,L" is a scalar
(one-dimensional) operator with cy, # 0. |

For instance, the bivariate VARMA (3, 1) model

14+miuinL  migqL U1y
1—a L —aol? —asL?) | Y | = ; :
( ! 2 al”) [ Yot ma11 L 14+ maog1L Uy

(12.1.13)
with ag # 0, is in final equations form. The label “final equations form” for

this type of VARMA representation is in line with the terminology used in
Chapter 10, Section 10.2.2.
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Uniqueness of the final equations form
a(L)y, = M(L)uy

is seen by noting that D(L) = I is the only operator that retains the scalar
AR part upon multiplication. For the operator D(L)«a(L)Ix to maintain the
order p, the operator D(L) must have degree zero, that is, D(L) = D. How-
ever, the only possible matrix D that guarantees a zero order matrix Ik for
the VAR operator is D = I.

Definition 12.2 (Echelon Form)

The VARMA representation (12.1.12) is said to be in echelon form or ARMAg
form if the VAR and MA operators A(L) = [oi(L)]k,i=1,... xk and M(L) =
[myi(L)] are left-coprime and satisfy the following conditions: The operators
api(L) (i=1,...,K)and my;(L) ( =1,..., K) in the k-th row of A(L) and
M (L) have degree py and they have the form

Pk
app(L) =1-> ap,;L, fork=1,. .. K,
j=1

Pk
Oék-i(L) = — Z O‘ki,ij7 for k 7é i,

J=pr—prit+1

and

Pk
mii(L) =Y mpi L, forkyi=1,... K, with My= A

§=0
In the VAR operators ay; (L),

| min(py +1,pi) for k > 1,

Pri = { min(p, p:) for k < i, ki=1,..., K. (12.1.14)

That is, pk; specifies the number of free coefficients in the operator ay;(L)
for ¢ # k. The row degrees (p1,...,pr) are called the Kronecker indices and
their sum Zle p; is the McMillan degree. Obviously, for the VARMA orders
we have, in general, p = ¢ = max(p1,...,PK). |

We will sometimes denote an echelon form VARMA model with Kronecker
indices (p1,...,px) by ARMAg(p1,...,px). The following model is an ex-
ample of a bivariate VARMA process in echelon form or, more precisely, an
ARMA (2, 1):

1—an L — a2l —aqaL? Y1t
—ag10— a1l 1 —oaeL Yot

_ | 1+mual+ ma12L? mig1 L+ migol? Ut (12.1.15)
—Q21,0 + mo11 L 1+mo1L Uy o
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1 0 Yit
—a1,0 1 Yot
| o1n O Yit—1 Q112 Q12,2 Y12
= +
Q21,1 (221 Y2.t-1 0 0 Y2.t—-2
1 0 u _
+ { } [ 1,t } + [ mii Mi2 } { Ut ,t—1 }
—ao1 1 U ¢ Moy 1 Mag1 Ug g1

+ mii2 Mi22 U1,t—2
0 0 Ugp—o |

or

In this model, the Kronecker indices (row degrees) are py = 2 and py = 1.
Thus, the McMillan degree is 3. The p; numbers are

{Pu p12}_[2 1}

P21 P22 2 1

(see (12.1.14)). The off-diagonal elements pi1o and po; of this matrix indicate
the numbers of parameters contained in the operators ai12(L) and ao;(L),
respectively. Because aj2(L) belongs to the first row or first equation of the
system, it has degree p; = 2. Hence, because it has just one free coefficient
(p12 = 1), it has the form a12(L) = —aq2 2 L?. Similarly, as; (L) belongs to the
second row of the system and, thus, it has degree po = 1. Because it has po; = 2
free coefficients, it must be of the form a1 (L) = —a21,0 — @21,1L. Another
characteristic feature of the echelon form is that Ay is lower-triangular and
has ones on the main diagonal. Moreover, the zero order MA coefficient matrix
is identical to the zero order VAR matrix, My = Ay.

Some free coefficients of the echelon form of a VARMA model may be
zero and, hence, p or ¢ may be less than max(py,...,px). For instance, in
the example process (12.1.15), my12 and mja o may be zero. In that case,
g =1 < max(p1,p2) = 2. In order for a representation to be an echelon form
with Kronecker indices (p1,...,pk), at least one operator in the k-th row of
[A(L) : M(L)] must have degree py, with nonzero coefficient at lag py.

An echelon is a certain positioning of an army in the form of steps. Sim-
ilarly, the nonzero parameters in an echelon VARMA representation are po-
sitioned in a specific way. In particular, the positioning of freely varying pa-
rameters in the k-th equation depends only on Kronecker indices p; < pr and
not on Kronecker indices p; > pi. More precisely, as long as p; > py, the
positioning of the free parameters in the k-th equation will be the same for
any value p;. For the example process (12.1.15), it is easy to check that the
positions of the free parameters in the second equation will remain the same
if the row degree of the first equation is increased to p; = 3. In other words,
p21 does not change due to an increase in p;.

It can be shown that the echelon form, just like the final equations form,
guarantees uniqueness of the VARMA representation. In other words, if a
VARMA representation is in echelon form, then the representation is unique
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within the class of all echelon representations. A similar statement applies
for the final equations form. Also, for any stable, invertible VARMA(p, q)
representation, there exists an equivalent echelon form and an equivalent final
equations form.

The reader may wonder why we consider the complicated looking echelon
representation although the final equations form serves the same purpose. The
reason is that the echelon form is usually preferable in practice because it often
involves fewer free parameters than the equivalent final equations form. We
will see an example of this phenomenon shortly. Having as few free parameters
as possible is important to ease the numerical problems in maximizing the
likelihood function and to gain efficiency of the parameter estimators.

There are a number of other unique or identified parameterizations of
VARMA models. We have chosen to present the final equations form and the
echelon form because these two forms will play a role when we discuss the issue
of specifying VARMA models in Chapter 13. For proofs of the uniqueness of
the echelon form and for other identification conditions we refer to Hannan
(1969, 1970, 1976, 1979), Deistler & Hannan (1981), and Hannan & Deistler
(1988). We now proceed with illustrations of the final equations form and the
echelon form.

12.1.3 Illustrations

Starting from some VARMA (p, ¢) representation A(L)y; = M (L)us, one strat-
egy for finding the corresponding final equations form results from premulti-
plying with the adjoint A(L)?¥ of the VAR operator A(L) which gives

|A(L)[yr = A(L)*Y M (L)uy, (12.1.16)

where A(L)*¥ A(L) = |A(L)| has been used. Obviously, (12.1.16) has a scalar
VAR operator and, hence, is in final equations form if all superfluous terms
are cancelled.

To find the echelon form corresponding to a given VARMA model, we have
to cancel as much as possible so as to make the VAR and MA operators left-
coprime. Then a unimodular matrix operator has to be determined which,
upon premultiplication, transforms the given model into an echelon form.
It usually helps to determine the Kronecker indices (row degrees) and the
corresponding numbers pg; first. We will now consider examples.

Let us begin with the simple bivariate process

(12 - { 8 (_f } L) ye = u (12.1.17)

with a # 0. Noting that

|A(L)|:H(1) ?Lﬂzl and A(L)“dj:[é O‘ﬂ
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the final equations form is seen to be

ywz(b—%[g g}L>up (12.1.18)

To find the echelon representation, we first determine the Kronecker indices
or row degrees and the implied pg; from Definition 12.2. The first row of
(12.1.17) has degree p; = 1 and the second row has degree ps = 0. Hence,

pi =1 pi2=0, pa =1 pr=0,
so that

a11(L) =1—a111L, a12(L) =0, ag (L) = —a91 0, and aga(L) = 1.
Thus, the echelon form is

{ 1—ap1iL 0O } Y = { L+myia L migq L (12.1.19)

t.
—021,0 1

The unique parameter values in this representation corresponding to the spe-
cific process (12.1.17) are easily seen to be

a1 =210 =m11,1 =0 and miz1 = .

Thus, in this particular case, the final equations form and the echelon form
coincide.

As another example, we consider a 3-dimensional process with VARMA(2, 1)
representation

[1—&L —0y 1. 0 ]
[ 0 1—03L—0417 —%LJ%
0 0 1
[1me 0 0 W
= [ 8 1‘3”L ) 0 quu. (12.1.20)
— 3

Using (12.1.16), its final equations form is seen to be

(1 — 91[/)(1 — 93L — 94L2)yt

1—6sL — 6,412 0y L 0265 L>
= 0 1-6,L O5L — 6105L>
0 0 (1 —6,L)(1 —63L — 0,L?)
1— 7’)1L 0 0
X 0 1—n9L 0 Ut
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which is easily recognizable as a VARMA(3,4) structure with scalar VAR

operator.

The Kronecker indices, that is, the row degrees of (12.1.20) are (p1,p2,p3) =
(1,2,1) and the implied pg;-numbers from (12.1.14) are collected in the fol-

lowing matrix:
111
[Prilki=123=1]1 2 1
1 21

Consequently, the VAR operator of the echelon form becomes

[ 1—aniL —aq21L —aq3,1L -|
—ao12l? 1 — a1l —apsl? —agzal?
[ —asy 1L —age0 — 32,1 L 1—ass31L J
or
1 0 0 Q11,1 Q12,1 @131 0 0 0
0 1 01— 0 a1 0 L—| asny azs gy |L2
0 —azap 1 Q31,1 32,1 Q331 0 0 0
(12.1.21)

Hence, in the echelon representation,

1 0 0
Ao=10 1 0
O 70432,0 1

is different from I3, if as29 # 0, and, thus, My = Ay is also not the identity

matrix. The MA operator is

14+my1L mi2,1L myz L -|
2 2 2
mo1,1 L+ mo1 oL° 14+ Mmoo 1 L+ mogol® maz L+ mosal
i msq,1L —age,0 + mg2 1 L 14+ mgs1L J
or
M1 0 0 mi1,1 Mi2,1 M3 0 0
0 1 0|+ | moa1,1 mo21 mosi1 | L+ | moia2 Mmoo

0 —aseo 1 ms31,1 M32,1 M33,1 0 0

0

ma3,2 L2.
0
(12.1.22)

The reader may be puzzled by the fact that the last element in the second
row of (12.1.21) does not involve a term with first power of L while such a
term appears in (12.1.20). This model form shows that there is a VARMA
representation equivalent to (12.1.20) with the second but not the first power
of L in the last operator in the second row of A(L). The fact, that there always
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exists an equivalent echelon representation does not mean that there is always
an immediately obvious relation between the coefficients of any given VARMA
representation and its equivalent echelon form. However, in the present case
it is fairly easy to relate the representations (12.1.20) and (12.1.21)/(12.1.22).
Premultiplying (12.1.20) by the operator

(10 0
01 65L (12.1.23)
00 1

results in a VAR operator

[ 1—06,L —6,L 0
0 1—65L—6,L7 0
0 0 1

and the MA operator changes accordingly. Notice that the operator (12.1.23)
has constant determinant and, of course, the resulting VARMA model is equiv-
alent to (12.1.20). The relation between its coefficients and those of the echelon
representation (12.1.21)/(12.1.22) is obvious:

ar1,1 =01, g =602, 131 =0,
a2 =0, a1 =103 «axns=10s oa32=0,
Q31,1 = (32,0 = (32,1 = (33,1 = 0,

and the relation between (12.1.22) and the coefficients of (12.1.20) is also
apparent. Of course, if the zero coefficients are known, then this knowledge
may be used to reduce the number of free coefficients in the echelon form.

In this example, the unrestricted final equations form has 3 AR coefficients
and 36 MA coefficients. Thus, the unrestricted form contains 39 parameters,
apart from white noise covariance coefficients. In contrast, the unrestricted
echelon form (12.1.21)/(12.1.22) has only 23 free parameters and is therefore
preferable in terms of parameter parsimony. Note that, in practice, the true
coefficient values are unknown and we pick an identified structure, for exam-
ple, a final equations form or an echelon form. At that stage, further parameter
restrictions may not be available. Hence, if (12.1.20) is the actual data gener-
ation process we may pick a VARMA(3,4) model with scalar AR operator if
we decide to go with a final equations representation and we may choose the
model (12.1.21)/(12.1.22) if we decide to use an echelon form representation.
Obviously, the latter choice results in a more parsimonious parameterization.
As mentioned earlier, for estimation purposes the more parsimonious repre-
sentation is advantageous.

Although Aj # I in the previous example, it should be understood that in
many echelon representations Ay = My = I[k. In particular, if the row degrees
pr=-=pxg =p,all pp; =p,i,k=1,..., K, and the echelon form is easily
seen to be a standard VARMA (p,p) model with Ay = My = Ix. We are
now ready to turn to the actual estimation of the parameters of an identified
VARMA model and we shall discuss its Gaussian likelihood function next.
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12.2 The Gaussian Likelihood Function

For maximum likelihood (ML) estimation the likelihood function is needed.
We will now derive useful approximations to the likelihood function of a Gaus-
sian VARMA ((p, q) process. Special case MA processes will be considered first.

12.2.1 The Likelihood Function of an MA (1) Process

Because a zero mean MA (1) process is the simplest member of the finite order
MA family, we use that as a starting point. Hence, we assume to have a sam-
ple y1, ...,y which is generated by the Gaussian, K-dimensional, invertible
MA(1) process

yr = up + Myug_q, (12.2.1)

where u; is a Gaussian white noise process with covariance matrix X,,. Thus,

Ug
Y1 o 2y
y = : =9y
yr .
where
M, Ix O 0 O
0 M, Ik 0 0
M = | : (12.2.2)
o 0 0 ... My Ik

isa (KT x K(T+1)) matrix. Using that u; is Gaussian white noise and, thus,

U

Ui
~ N(07[T+1 & Eu):

ur
if follows that
¥ ~ N(0, 90 (Ig 11 ® 2,)00))
and the likelihood function is seen to be
UM, Xyly)

o [y (I141 @ Eu)ﬁ;rl/z exp{—3y' [ (I7+1 ® Eu)ﬁ’ﬂ*ly}-,
(12.2.3)
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where o< stands for “is proportional to”. In other words, we have dropped a
multiplicative constant from the likelihood function which does not change
the maximizing values of My and X,,.

It is inconvenient that this function involves the determinant and the in-
verse of a (KT x KT) matrix. A simpler form is obtained if uq is set to zero,
that is, the MA(1) process is assumed to be started up with a nonrandom
fixed vector ug = 0. In that case,

y =Myu,
where
Ik 0 ... O 0
My, Ix 0 0 w
My = : and u:=| @ |. (12.2.4)
. .. : | ur
0 0 ... M Ig (KTx1)

(KTXKT)
The likelihood function is then proportional to
lo(M1, Suly) = |9 (Ir © 2,)90|~1/% exp{—3y/ [ (I © X,)M] "'y}
= ‘EurT/Q eXp{_%ylmll_l(IT ® 21;1)93?1_1}’}
1z
=|%,|7T/? exp{—2 Zuiﬂu]ut} ) (12.2.5)
t=1

where it has been used that |9, = 1 and

% 0 0 0
— M, I 0 0
m, = (—M;)? M, .00
(=M=t (=My)T? —M; Ik
% 0 0
—1I1; I 0
—HT,1 —HT,Q IK

where the II; = —(—M;)" are the coefficients of the pure VAR representation
of the process. By successive substitution, the MA(1) process in (12.2.1) can
be rewritten as
t—1
yr + Z(*Ml)zytﬂ- + (= M) ug = uy. (12.2.6)
i=1



12.2 The Gaussian Likelihood Function 461

Thus, if ug =0,
t—1

up =y + Z(*Ml)lytfia
i=1

from which the last expression in (12.2.5) is obtained.

The equation (12.2.6) also shows that, for large ¢, the assumption regarding
1o becomes inconsequential because, for an invertible process, M? approaches
zero as t — oo. The impact of uy disappears more rapidly for processes for
which M? goes to zero more rapidly as t gets large. In other words, if all
eigenvalues of M; are close to zero or, equivalently, all roots of det(Ix +
M, z) are far outside the unit circle, then the impact of ug is lower than
for processes with roots close to the unit circle. In summary, the likelihood
approximation in (12.2.5) will improve as the sample size gets large and will
become exact as T' — oo. In small samples, it is better for processes with roots
of det(Ix+ M, z) far away from the unit circle than for those with roots close to
the noninvertibility region. Because we will be concerned predominantly with
large sample properties in the following, we will often work with likelihood
approximations such as lg in (12.2.5).

12.2.2 The MA(q) Case

A similar reasoning as for MA(1) processes can also be employed for higher
order MA processes. Suppose the generation process of y; has a zero mean
MA(q) representation

Yt = Uyt + Mlut,1 + -+ Mqut,q. (1227)
Then
C g ]
—_ Uo
y ="M w
L ur ]
where
M, Mgy .My Ix O 0
0 M, My M, Ig 0
M, = | (12.2.8)
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isa (KT x K(T + q)) matrix and the exact likelihood for a sample of size T'
is seen to be
_ .
U(Mi,..., My, Zu]y) o< |9y (Irrq ® )0, |~ 1/?
— —
X exp{—%y'[imq(qu_q ® Eu)fmq}_ly}. (12.2.9)

Again a convenient approximation to the likelihood function is obtained
by setting ©._q41 = -+ = ug = 0. In that case, the likelihood is, apart from a
multiplicative constant,

lo(My,..., My, Zuly) = |, T/ exp{—3y' [0, (Ir ® X, )M, Yy},

(12.2.10)
where
[ Ix 0 0 0 T
M, Ig 0 0
My M 0 0
My=| - : (12.2.11)
M, M, S :
0 M,
L 0 0 ... M, ... ... M Ik |
and, hence,
% 0 ... 0
—11 Ik 0
m, ' = . .
—HTfl —HT,Q IK

Here the IT; are the coefficient matrices of the pure VAR representation of
the process y;. Thus, the II; can be computed recursively as in Section 11.2
of Chapter 11.

An alternative expression for the approximate likelihood is easily seen to
be

T
1
lo(My, ..., My, Zy]y) = | 2| /% exp {—2 Zu’tﬂulut} , (12.2.12)

t=1

where

t—1
Ut =Yt — Z Iyt —;.
i=1
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Again, the likelihood approximation will be quite precise if T' is reasonably
large and the roots of det(Ix + Mz + --- + M,2z9) are not close to the unit
circle.

Although we will work with likelihood approximations in the following, it is
perhaps worth noting that an expression for the exact likelihood of an MA(q)
process can be derived that is more manageable than the one in (12.2.9) (see,
e.g., Hillmer & Tiao (1979), Kohn (1981)).

12.2.3 The VARMA(1,1) Case

Before we tackle general mixed VARMA models, we shall consider the simplest
candidate, namely a Gaussian zero mean, stationary, stable, and invertible
VARMA(1, 1) process,

yr = A1yr—1 + ur + Miug_q. (12.2.13)
Assuming that we have a sample y1,...,yr, generated by this process and
defining

[Tk 0 0 07
— Ay Ik 0 0
—As  —A 0 0
2, = | A A o 0 (12.2.14)
0 —A, IR 0 0
0 0 e Ig 0
L 0 0o ... -4, o —Ay Ik
we get
—A1yo U
yr 0 | w
A0 0 |+ . =y
yr 0 ur

Hence, for given, fixed presample values vy,

hn
y=| & | ~ N o, A (Iry ® 2,)02,7Y), (12.2.15)
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Ao
0
Yo =

(.]
The corresponding likelihood function, conditional on yo, is
I(Av, My, 2|y, yo)
o [0 (Tra @ S)A A
xexp{—3(y — A, 'yo) WM (Ir1 ® Z)I] "My — A1 "yo)}
= [0 (I ® Z,) |2
x exp{=3 @y — yo) Pl (Ir+1 © T)I ]~ @y — o)}, (12:2.16)

where |20;| = 1 has been used.
With the same arguments as in the pure MA case, a simple approximation
is obtained by setting vy = yg = 0. Then we get

lo(A, My, 2y) = |87 exp{— (M7 "Wy) (Ir ® 2,1 Ay}
T
1
= ZU|T/2exp{—QZu;E;1ut}, (12.2.17)
t=1
where
t—1
w =y — Y My (12.2.18)
=1

and the II; are the coefficient matrices of the pure VAR representation, that
is, for the present case IT; = (—1)""'(M} + M| *A;),i=1,2,... (see Section
11.3.1). Note that in writing the likelihood approximation ly we have dropped
the conditions y and yg for notational simplicity.

The effect of starting up the process with yg = ug = 0 is quite easily
seen in (12.2.18), namely, for observation y;, the infinite order pure VAR
representation is truncated at lag t — 1. Such a truncation has little effect if
the sample size is large and the roots of the MA operator are not close to the
unit circle.

12.2.4 The General VARMA (p, q) Case

Now suppose a sample y1, . .., yr is generated by the Gaussian K-dimensional,
stable, invertible VARMA (p, q) process

Ao(ye —p) = A(ye—1 — )+ + Ap(ys—p — 1)
+Aous + Miup_1 + -+ -+ Mus—qg (12.2.19)
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with mean vector i and nonsingular white noise covariance matrix 3,. No-
tice that Ag appears as the coefficient matrix of y; and of u; as in the eche-
lon form. Thus, the echelon form is covered by our treatment of the general
VARMA(p, q) case. We have chosen the mean-adjusted form of the process
because this form has certain advantages in ML estimation, as we will see
later.

Usually some elements of the coefficient matrices will be zero or obey some
other type of restrictions. Therefore, to be realistic, we define

ag = vec(Ap) and B = vec[Ay,..., Ap, My, ..., M, (12.2.20)

and assume that these coefficients are linearly related to an (N x 1) parameter
vector -y, that is,

Qp o
{ 3 } =Ry+r (12.2.21)

for a suitable, known (K?(p+g+1) x N) matrix R and a known K?2(p+q+1)-
vector r. For example, for a bivariate ARMARg(1,0) process with Kronecker
indices p1 = 1 and py = 0,

1-— 041171L 0 1 + mn’lL m1271L
(ye — ) = g

—a10 1 —Q21,0 1
or
1 0 _ (111:1 0 _ 1 0
|: —a910 1 :|(yt _/1') - |: 0 0 :|(yt1 M) + [ —as1,0 1 :|ut
m m
+[ 61,1 102,1 }utl’
we have
[ 0 0 0 0]
. -1 0 0 O
I OA1171 00 00O
0 00 0O
{ 1 -| 0 0100
1 —Q21,0 | _ 0 o 0000
@0 = o | P lma | B 000 0
1 0 00 0O
0010
00 0O
0001
0000
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M
0
21,0 0
a 1
¥ = thi and r= | g
miia ’
mi21 0
o]

Similarly, for the final equations form

. 14+mq L mio L
A-an-m= | hE et

or

we get

[0 0 0 0 0]
00O0O00O0
[ aq ] 000O00O
0 000O00O
[1-‘ 0 10000
0 a 00000
=19l P> B looo0o0 0|
1 mo1 1 0000
mi9 0 1 0 0 O
maoo 00100
i i 00010
1000 0 1]
o
(6] 0
mi1 0
~Yy=| mo1 |, and r= 1
mi2 0
ma2 :
_0_

The likelihood function is a function of u,~, and X,. Its exact form, given
fixed initial values y_,41, ..., Yo, can be derived analogously to the previously
considered special cases (see Problem 12.4 and Hillmer & Tiao (1979)). Here
we will just give the likelihood approximation obtained by assuming

Yprl —H =" =Yo— P =U gy1 = = up = 0.
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Apart from a multiplicative constant, we get

T
_ 1 _
lO(ua'yazu) = |211,‘ T/2 €Xp {2 E Ut(M-,’Y)IEu 1ut(:u77)} ) (12222)
t=1

where

t—1

wr (i y) = (g — 1) = D () (i — 1), (12.2.23)
i=1

with the IT;(7)’s being again the coefficient matrices of the pure VAR rep-
resentation of y;. We have indicated that these matrices are determined by
the parameter vector v. Formally the likelihood approximation has the same
appearance as in the special cases. Of course, the u;’s are now potentially
more complicated functions of the parameters.

It is perhaps worth noting that the uniqueness or identification problem
discussed in Section 12.1 is reflected in the likelihood function. If the model is
parameterized in a unique way, for instance, in final equations form or echelon
form, the likelihood function has a locally unique maximum. This property
is of obvious importance to guarantee unique ML estimators. Note, however,
that the likelihood function in general has more than one local maximum. A
more detailed discussion of the properties of the likelihood function can be
found in Deistler & Pétscher (1984).

The next section focuses on the maximization of the approximate likeli-
hood function (12.2.22) or, equivalently, the maximization of its logarithm,

T

T 1 _
Il (1,5, Zu) = =5 | Zu| = 5 > ue(p ) Sy (). (12.2.24)
t=1

12.3 Computation of the ML Estimates

In the pure finite order VAR case considered in Chapters 3 and 5, we have
obtained the ML estimates by solving the normal equations. In the presently
considered VARMA (p, ¢) case, we may use the same principle. In other words,
we determine the first order partial derivatives of the log-likelihood function
or rather its approximation given in (12.2.24) and equate them to zero. We
will obtain the normal equations in Section 12.3.1. It turns out that they
are nonlinear in the parameters and we discuss algorithms for solving the
ML optimization problem in Section 12.3.2. The optimization procedures are
iterative algorithms that require starting-up values or preliminary estimates
for the parameters. A possible choice of initial estimates is proposed in Section
12.3.4. One of the optimization algorithms involves the information matrix
which is given in Section 12.3.3. An example is discussed in Section 12.3.5.
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12.3.1 The Normal Equations

In order to set up the normal equations corresponding to the approximate
log-likelihood given in (12.2.24), we derive the first order partial derivatives
with respect to all the parameters u,~y, and XJ,.

dlnl 4 ou a —
0 — t —
S = *E:“?Eula L= s, [IK A (12.3.1)
K t=1 H t=1 i=1
Olnl 4 ou
0 7 y—1 t
=Y ur 12.3.2
8’7/ pot U 2y, 8’)// ( )

A recursive formula for computing the du; /9’ is given in the following lemma.

Lemma 12.1
Suppose ¢ = 0 and let

U = Yp — Ao_l[Alyt—l 4+ 4 Apyt—p =+ Ml’lLt_l + e+ Mqut_q}, (1233)
ag = vec(Ap),
B :=vec[Ar,..., Ay, My, ..., M,],

and suppose

{ Cg) } = Ry +r, (12.3.4)

where R is a known (K?(p+ ¢+ 1) x N) matrix, r is a known K?(p+ q + 1)-
dimensional vector, and ~ is an (N x 1) vector of unknown parameters. Then,

defining dug/vy" = Ou /0y = -+ = Qu_¢11/0y = 0 and yg = --- =
Y-pr1 = Uy = " = U—g41 = 0,
ou B
8'75 = {(Ay'[Arye—1 + -+ Ay
+M1ut71 + -+ Mqut,q])/ X Aal}[]Kg : 0 e O}R
7[(?;’;,_1, A ,y;,—pau,/g_l, e ,U;_q) X Aal][O : IK2(p+q)]R
_ But,l c')ut,
—Ayt | M b My—— 12.3.5
0 1 oy + + My PR > ( )
fort=1,...,T. |

)

Replacing y; with y; — p in this lemma, the expression in (12.3.5) can be
used for recursively computing the du; /07’ required in (12.3.2).

Proof:

aut
o’

= —[(A1ye1+-+ Ay p+ Miug 1+ + Myup ) @ I]
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" dvec(Ay )
oy’

_[(ygfh L 7y1l§7p7u271’ AR ugfq) ® Aal]

XaVGC[Al,...,Ap,Ml,...,Mq]
o’

[ v | 1

—AGV Ay, Ay My, M) |0 zt*p /o' | . (12.3.6)
t—1
L L Yt—q J _
The lemma follows by noting that
dvec(Ag")  dvec(Ay') dag . .
oy oo oy —[(Ag7) ® A J[Tx2: 02+ O]R

(12.3.7)
(see Rule (9) of Appendix A.13). |

The partial derivatives of the approximate log-likelihood with respect to
the elements of X, are

T
811110 T 1 1 1 / -1
oy, 2w Ta Zt:lmw o e

(see Problem 12.5). Setting this expression to zero and solving for X, gives

T
Sl v) Zut (1t Y )ue (. y)'. (12.3.9)

t 1

Substituting for ¥, in (12.3.1) and (12.3.2) and setting to zero results in a
generally nonlinear set of normal equations which may be solved by numerical
methods. Before we discuss a possible algorithm, it may be worth pointing
out that by substituting X, (u,~y) for X, in In lg, we get

T
T < 1
Inlo(p,y) = —21n|2u(u,7)—2tr< Z ¥, 7))
TK
= ——ln|2 (1, 7) - (12.3.10)

Thus, instead of maximizing Inly we may equivalently minimize

[ Zu ()| or [Zu(u ). (12.3.11)
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12.3.2 Optimization Algorithms

The problem of optimizing (minimizing or maximizing) a function arises not
only in ML estimation but also in various other contexts. Therefore, general
algorithms have been developed. Following Judge et al. (1985, Section B.2),
we will give a brief introduction to so-called gradient algorithms and then
address the specific problem at hand. With the objective in mind that we
want to find the coefficient values that minimize —Ilnly or In|X, (s, )|, we
assume that the problem is to minimize a twice continuously differentiable,
scalar valued function h(y), where « is some (N x 1) vector.

Given a vector =, in the parameter space, we are looking for a direction
(vector) d in which the objective function declines. Then we can perform a
step of length s, say, in that direction which will take us downhill. In other
words, we seek an appropriate step direction d and a step length s such that

h(v; + sd) < h(v,). (12.3.12)

If d is a downhill direction, a small step in that direction will always decrease
the objective function. Thus, we are seeking a d such that h(y; 4+ sd) is a
decreasing function of s, for s sufficiently close to zero. In other words, d
must be such that

s=0:|

dh(y; + sd)
ds

oh(v)
oy’

Oh(~)
o’

0>

{ 3(%61: sd)

s=0 Yi Yi

Using the abbreviation

Oh(7)
hi = -
oy

Vi

for the gradient of h(y) at «,, a possible choice of d is
d = —D;h;,

where D; is any positive definite matrix. With this choice of d,
hid = —hD;h; <0

if h; # 0. Because the gradient is zero at a local minimum of the function,
we hope to have reached the minimum once h; = 0 and, hence, d = 0. The
general form of an iteration of a gradient algorithm is therefore

Yit1 = Vi — siDih, (12.3.13)

where s; denotes the step length in the i-th iteration and D, is a positive
definite direction matriz. The name “gradient algorithm” stems from the fact
that the gradient h; is involved in the choice of the step direction. Many such
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algorithms have been proposed in the literature (see, for example, Judge et al.
(1985, Section B.2)). They differ in their choice of the direction matrix D; and
the step length s;.

To motivate the choice of the D; matrix that will be considered in the ML
algorithm presented below, we expand the objective function h() in a Taylor
series about v; (see Appendix A.13, Proposition A.3),

h(v) = h(v;) + hi(y =) + 5(v — 7)) Hi(v = 75), (12.3.14)
where
o
Y oyoy! »

is the Hessian matrix of second order partial derivatives of h(7y), evaluated at
~,. If h() were a quadratic function, the right-hand side of (12.3.14) were
exactly equal to h(y) and the first order conditions for a minimum would result
by taking first order partial derivatives of the right-hand side and setting to
zero:

hi + Hi(y —v,)' =0
or
Y= — H;lhi.

Thus, if h(7) were a quadratic function, starting from any vector ;, we would
reach the minimum in one step of length s; = 1 by choosing the inverse Hessian
as the direction matrix. In general, if h(«) is not a quadratic function, then
the choice D; = H{l is still reasonable once we are close to the minimum.
Recall that a positive definite Hessian is the second order condition for a local
minimum. Therefore, the inverse Hessian qualifies as a direction matrix. A
gradient algorithm with the inverse Hessian as the direction matrix is called
a Newton or Newton-Raphson algorithm.

From the previous subsection, we know that the first order partial deriva-
tives of our objective function — Inljy are quite complicated and, thus, finding
the Hessian matrix of second order partial derivatives is even more compli-
cated. Therefore we approximate the Hessian by an estimate of the informa-
tion matrix,

82 (7 In l())

I(v) =FE|———F—— 12.3.15
=5 | ). (123.15)
which is the expected value of the Hessian matrix. The estimate of Z(+)
will be denoted by Z(v). A computable expression will be given in the next
subsection. Because the true parameter vector « is unknown, Z(=y,) is used as

an estimate of Z(-y) in the i-th iteration step. Hence, for given mean vector p
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and white noise covariance matrix X, we get a minimization algorithm with
i-th iteration step

0(7 In l())
oy

Virr =i — siZ(v) " l ] : (12.3.16)
Yi

This algorithm is called the scoring algorithm.

As it stands, we still need some more information before we can execute
this algorithm. First, we need a starting-up vector =, for the first iteration.
This vector should be close to the minimizing vector to ensure that 7 (1) is
positive definite and we make good progress towards the minimum even in
the first iteration. We will consider one possible choice in Section 12.3.4.

Second, we have to choose the step length s;. There are various possible
alternatives (see, e.g., Judge et al. (1985, Section B.2)). Because we are just
interested in the main principles of the algorithm, we will ignore the problem
here and choose s; = 1.

Third, the algorithm provides an ML estimate of ~, conditional on some
given Y, matrix and mean vector p, because both the information matrix and
the gradient vector involve these quantities. They are usually also unknown.
As in the pure finite order VAR case, it can be shown that the sample mean

1 X
Y= Z Y
t=1

is an estimator for p which has the same asymptotic properties as the ML
estimator. Therefore, ML estimation of v and X, is often done conditionally
on i = y. In other words, the sample mean is subtracted from the data before
the VARMA coefficients are estimated.

There are different ways to handle the unknown X, matrix. From (12.3.9),
we know that

el

T
Sulpy) = % > welp Y ()

Therefore, one possibility is to use X; := g‘u (¥,~;) in the i-th iteration. Equiv-
alently, the minimization algorithm can be applied to In |§’u ", 7)]-

A number of computer program packages contain exact or approximate
ML algorithms which may be used in practice. The foregoing algorithm is
just meant to demonstrate some basic principles. Modifications in actual ap-
plications may result in improved convergence properties. Slow convergence
or no convergence at all may be the consequence of working with VARMA
orders or Kronecker indices which are larger than the true ones and, hence,
with an overparameterized model.
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12.3.3 The Information Matrix

In the scoring algorithm described previously, an estimate of the information
matrix is needed. To see how that can be obtained, we consider the second

order partial derivatives of — Inlj,
/8')/' (see (12.3.2))

9?(—Inly) o,

“ovoy Z D
T

_ Z ouj 2,1(’)% e D(‘)vec[@@:}/aﬂ_

Taking the expectation of this expression, the last term vanishes because
E(u;) =0 and u, X' @ I is independent of

0 vec[Ouy /O]
0%

as this term does not contain current y; or u; variables (see Lemma 12.1).
Hence,

62 In lo 8Ut 71 8Ut
E E .
{ Zolcal } Z {5’7 h 3’7’]

Estimating the expected value in the usual way by the sample average gives
an estimator

ouy 1 0uy
fz ty o 5

for

ou 10U
BE|ty-12t
{87 “ 6’7]

These considerations suggest the estimator

T — ! 7
3 autézi;v) 5ot Oue(¥, ) (12.3.17)

t=1 o'
for the information matrix Z(-y). In the i-th iteration of the scoring algorithm,
we evaluate this estimator for v = ;. The quantities du;/dv’ may be obtained
recursively as in Lemma 12.1 to make this estimator operational.

If « is the true parameter value, the asymptotic information matrix equals
plim I( )/T. Thus, if we have a consistent estimator v of -, ( )/T is a
consistent estimator of the asymptotic information matrix, that is,

Z.(v) = plim Z(3)/T. (12.3.18)
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In Section 12.4, we will see that the inverse of this matrix, if it exists, is the
asymptotic covariance matrix of the ML estimator for «. If a nonidentified
structure is used, this problem is reflected in the asymptotic information ma-
trix being singular. Hence, it is important at this stage to have an identified
version of a VARMA model.
12.3.4 Preliminary Estimation
The coefficients of a VARMA (p, ¢) model in standard form,

Y = Arye1 4+ F Apyip g + Miug_q + -+ Myug_g,

could be estimated by multivariate LS, if the lagged u; were given. We as-
sume that the sample mean 7 has been subtracted previously. It is therefore
neglected here. In deriving preliminary estimators for the other parameters,
the idea is to fit a long pure autoregression first and then use estimated resid-
uals in place of the true residuals. Hence, we fit a VAR(n) model

Yt = Z II;(n)y—; + u(n),
i=1

where n is larger than p and ¢. From that estimation, we compute estimated
residuals

(n) =y — »_ Ii(n)ye s, (12.3.19)
1=1

where IAL(W) are the multivariate LS estimators. Then we set up a multivariate
regression model

Y =[A: M]X, +U°, (12.3.20)

where Y := [y1,...,yr], A:=[A1,...,Ap], M :=[M,...,M,],

Xp = [Yom ... Yr_1,] withY,, = | Y7H (K(p+q) x 1)

| Ut—gt1(n)

and U is a (K x T') matrix of residuals. Usually restrictions will be imposed
on the parameters A and M of the model, for instance, if the model is given
in final equations form. Additional restrictions may also be available. Suppose
the restrictions are such that there exists a matrix R and a vector -« satisfying
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vec[A : M| = R~. (12.3.21)

Applying the vec operator to (12.3.20) and substituting R~y for vec[A : M]
gives

vec(Y) = (X! ® Ix) Ry + vec(U?) (12.3.22)
and the LS estimator of 4 is known to be
A(n) = [R'(Xn X, @ Ix)R] ' R'(X,, @ Ix) vec(Y) (12.3.23)

(see Chapter 5, Section 5.2). This estimator may be used as an initial vector
7, in the ML algorithm described in the previous subsections.
Using this estimator, a new set of residuals may be obtained as

vec(U°) = vec(Y) — (X! @ Ix)RA(n)
which may be used to obtain a white noise covariance estimator
Su(n) =U°UYT. (12.3.24)

This estimator may be used in place of X, in the initial round of the iterative
optimization algorithm described earlier.

Alternatively, instead of the LS estimator (12.3.23), we may use an EGLS
estimator,

F(n) = [R'(Xn X, ® DR 'R(X, @ 5,) vee(Y),

with Eu(n) in place of ¥, or a white noise covariance matrix estimator based
on the residuals u(n).
The echelon form of a VARMA(p, ¢) process may be of the more general

type
Aoy = Avyp 1+ + Apyr—p + Ao + My 1 + -+ Myuy g, (12.3.25)

where Ay is a lower triangular matrix with unit diagonal. To handle this case,
we proceed in a similar manner as in the standard case and substitute the
residuals @ (n) for the lagged u; and for current residuals from other equations.
In other words, in the k-th equation we substitute estimation residuals for
w;t, 1 < k. Because Ag is the coefficient matrix for both y; and u;, we define

c . c c c . Yt+1 — a25+1(n)
XC = [Yine o Yioy ], where Y, = Y,
n

and we pick a restriction matrix R, and a vector =, such that
Ry, = vecllg — Ap, A, M].

Hence,
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vece(Y) = (XY @ I'x)Rey,. + vec(U?)
and the LS estimator of v, becomes
Ve(n) = [RU(X5X] @ Iic)Re] " R(X], @ Iic)vec(Y).

The starting-up estimator of X, is then obtained from the residuals of this
regression. It is possible that the VARMA process corresponding to these coef-
ficients is unstable or noninvertible. Especially in the latter case, modifications
are desirable (see Hannan & Kavalieris (1984), Hannan & Deistler (1988)).

To see more clearly what is being done in this preliminary estimation
procedure, let us look at an example. Suppose the bivariate VARMA(1, 1)
echelon form model from (12.1.19) with Kronecker indices (p1,p2) = (1,0) is
to be estimated:

Y1, = 0111Y1,t—1 U1 +Mi1aUr -1 + Mg 1U2,¢-1,

(12.3.26)
Yo = Q21,0Y1,t — Qo1,0U1t + U2t = 21,0(Y1,6 — U1,e) + Uz

We assume that the sample mean has been removed previously. The parame-
ters in the first equation are estimated by applying LS to

{ym -| [ Y1,0 u1,0(n) Uz (n) -| o111 {um
| | = | | mi1,1 =+ | |

L Y1,T J [ yir—1 Uir—1(n) Uzr—1(n) J mi2,1 L uL,T

or, using obvious notation, to

Yy = Xym +uq)-

Here the @; +(n) are the residuals from the estimated long VAR model of order
n. The LS estimator of v, is 71 = (Xél)X(l))*lXél)y(l).
Similarly, a0 is estimated by applying LS to

Y2,1 Y11 — Ur1(n) U2,1
= : Q21,0 +

Ya,T y1,17 — Ul,T(n) U, T

In this case, it would be possible to use the residuals of the first regression
instead of the 11 ,(n) which are the residuals from the long VAR. However,
we have chosen to use the latter in the preliminary estimation procedure.

In the foregoing, we have so far ignored the problem of choosing presample
values for the estimation. Two alternative choices are reasonable. Either all
presample values are replaced by zero or some y; values at the beginning of
the sample are set aside as presample values and the presample values for the
residuals are replaced by zero.

The initial estimators obtained in the foregoing procedure can be shown to
be consistent under general conditions if n goes to infinity with the sample size
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(see Hannan & Kavalieris (1984), Hannan & Deistler (1988), Poskitt (1992)).
We will discuss the situation, where VAR processes of increasing order are
fitted to a potentially infinite order process, in Chapter 15 and therefore we
do not give details here.

12.3.5 An Illustration

We illustrate the estimation procedure using the income (y;) and consump-
tion (y2) data from File E1. As in previous chapters, we use first differences of
logarithms of the data from 1960 to 1978. In this case, we subtract the sample
mean at an initial stage and denote the mean-adjusted income and consump-
tion variables by y1; and ys;, respectively. We assume a VARMA(2, 2) model
in echelon form with Kronecker indices p = (p1,p2) = (0,2) [ARMAE(0, 2)],

vig | _ [0 O Y1,i—1 0 0 Y142 U g
= + +
Y2, 0 22,1 Yo,i—1 0 a2 Yo2,4—2 Ug,t
P vt B3 P | v
ma21,1 M221 U2,t—1 mai,2 1222 U2 t—2
(12.3.27)

In the next chapter, it will become apparent why this model is chosen. It im-
plies that the first variable (income) is white noise (y1¢ = u1;). Given the sub-
set VAR models of Chapter 5 (Table 5.1), this specification does not appear to
be totally unreasonable. The second equation in (12.3.27) describes consump-
tion as a function of lagged consumption, lagged income (w1 4—; = y1,¢—;), and
a moving average term involving lagged residuals usg ;.

Eventually we use a sample from 1960.2 (¢t = 1) to 1978.4 (¢ = 75), that is,
T = 75. In the preliminary estimation of the model (12.3.27), we estimate a
VAR(8) model first, using 8 presample values. Then, using two more presample
values, we run a regression of ys; on its own lags and lagged ©;¢(8). More
precisely, the regression model is

Y2,11

Y2,17

[ Y210 Y29  Ur10(8)  U210(8)  u1,9(8) U2,9(8) -‘

: : : : : : Y
[y2,T1 Yar—2 Urr—1(8) Uar—1(8) u1,7—2(8) a2,T2(8)J

e
| wsr |

where v o= (062271,(122127m2171,m2211,m2172,m2272)/. In this particular case,
we could have substituted yi; for 114(8) because the model implies y1; = uys.
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We have not done so, however, but we have used the residuals from the long
autoregression. The resulting preliminary parameter estimates

Y1 = (@221 (1), .., Maz (1))

are given in Table 12.1.

Table 12.1. Iterative estimates of the income/consumption system

Vi

Q2,1 Qa2 a1 Ma2,1  Ma12 mM22,2 | X (7)) % 10°
0.020 0.395 0.296 —0.367 0.181 —0.224 0.872564
—0.178 0.492 0.331 —0.527 0.175 —-0.015 0.942791
0.072 0.117 0.305 —-0.589 0.191 0.065 0.779788
0.202 0.078 0.311 —-0.731 0.146 0.147 0.776107
0.219 0.063 0.312 —-0.744 0.142 0.158 0.775959
0.224 0.062 0.313 —0.748 0.140 0.159 0.775952

U W N .

10 0.225 0.061 0.313 —-0.750 0.140 0.160 0.775951

We use these estimates to start the scoring algorithm. For our particular
example, the i-th iteration proceeds as follows:

(1) Compute residuals
(i) = ye — A (D)ye—1 — Az (i)yr—2 — M (i)t (i) — Ma(i)iis—o (i)
recursively, for t = 1,2,..., T, with w_1 (i) = up(i) = y_1 = yo = 0 and

Al = [8 a22?1(1') } Axli) = {g a22(.,)2(1‘) }
Ma(i) = { 77121(?1(1') 77122(,)1 (1) } Mai) = { 77121(?2(’5) 77122(?2(1') }

(2) Compute the partial derivatives uy /0~ recursively as

duy () = [ 0 0 0 0 0 0 }
oy Yo.t—1 Y2,e—2 Uzp—1(1) Uzp—1(%) Ui —2(7) Us—2(7)
— Oup oy, o~ Ou o,
M) ) - (i) R )

fort=1,2,...,T, with

511,,1 () - 57.L()
8’7’ v) = 87/

(i) = 0.
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and

0 —hllo

ouy , .
Z 'LLt u i -1 87t’ (’L)

Vi o t=1
:Yi‘|

Some estimates obtained in these iterations are also given in Table 12.1 to-
gether with | X, (5,)|. After a few iterations the latter quantity approximately
reaches its minimum and, thus, —1Inly obtains its minimum. After the tenth
iteration there is not much change in the 4, and | X, (7,)| in further steps. We
work with 7, in the following.

The determinantal polynomial of the MA operator for ¢ = 10 is

[Ty + My (10)z 4+ My(10)2%| = 1+ titge1(10)2 + 7itgs 2(10)22
1 —.750z + .160z>
which has roots that are clearly outside the unit circle. Thus, the estimated
MA operator is invertible. Also, the determinant of the estimated VAR poly-
nomial,
[T, — A1 (10)z — A3(10)22| = 1 — d2.1(10)z — dig2.2(10)22
1—.2252 — 06122,
is easily seen to have its roots outside the unit circle. Hence, the estimated
VARMA process is stable and invertible.
Generally, computing the ML estimates is not always easy. Therefore, other

estimation methods were also proposed in the literature (e.g., Koreisha &
Pukkila (1987), van Overschee & DeMoor (1994), Kapetanios (2003)).

(4) Perform the iteration step

8(— In lo)
oy

’N)’i+1 = 'NYZ - I(:Yi)_l

12.4 Asymptotic Properties of the ML Estimators

12.4.1 Theoretical Results

In this section, the asymptotic properties of the ML estimators are given.
We will not prove the main result but refer the reader to Hannan (1979),
Dunsmuir & Hannan (1976), Hannan & Deistler (1988), and Kohn (1979) for

further discussions and proofs.
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Proposition 12.1 (Asymptotic Properties of ML Estimators)
Let y; be a K-dimensional, stationary Gaussian process with stable and in-
vertible VARMA (p, ¢) representation

Ao(ys—p) = A1 (ys—1—p)+ - -+ Ap(yr—p—p) +Aous+Mitup 1+ - -+ Myup g,
(12.4.1)

where u; is Gaussian white noise with nonsingular covariance matrix ,,. Sup-
pose the VAR and MA operators are left-coprime and either in final equations
form or in echelon form with possibly linear restrictions on the coefficients so
that the coefficient matrices Ao, A1,...,A4,, Mi,..., M, depend on a set of
unrestricted parameters v as in (12.2.21). Let g, 4, and Y, be the ML es-
timators of pu,7, and X, respectively, and denote vech(X,) and vech(fu)
by o and &, respectively. Then all three ML estimators are consistent and
asymptotically normally distributed,

ﬁ—u Zﬁ 0 0
VT | 3=~ | SN ol 0 55 0 , (12.4.2)
oc—o 0o 0 X;
where
o= AQ)TTM(1)Z,M (1) A1),
T —1
1 ou! ou
Sy = Z,(y)"' =plim | L yjppputas
5 () plim T2 Gy " oy

with du; /0" as given in Lemma 12.1, and
Y =2DL (2, ® X,)D}

with D}, = (D, Dg)~'D/ and D is the (K? x  K(K +1)) duplication ma-
trix. The covariance matrix in (12.4.2) is consistently estimated by replacing
the unknown quantities by their ML estimators. [ ]

Some remarks on this proposition may be worthwhile.

Remark 1 The results of the proposition do not change if the ML estimator
1 is replaced by the sample mean 7 and 7 and o are ML estimators conditional
on 7, that is, 4 and & are obtained by replacing u by 7 in the ML algorithm.
One consequence of this result is that asymptotically the sample mean is a
fully efficient estimator of . |

Remark 2 The proposition is formulated for final equations or echelon form
VARMA models. Its statement remains true for other uniquely identified
structures. |

Remark 3 Because the covariance matrix of the asymptotic distribution in
(12.4.2) is block-diagonal, the estimators of u,-, and X, are asymptotically
independent. |
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Remark 4 Much of the proposition remains valid even if y; is not normally
distributed. In that case the estimators obtained by maximizing the Gaussian
likelihood function are quasi ML estimators. If u; is independent standard
white noise (see Chapter 3, Definition 3.1), 4 and 7 maintain their asymptotic
properties. The covariance matrix of & may be different from the one given
in Proposition 12.1. |

Remark 5 The results of the proposition remain valid under general condi-
tions if instead of the ML estimator 4 an estimator is used which is obtained
from one iteration of the scoring algorithm outlined in Section 12.3.2, starting
from the preliminary estimator of Section 12.3.4. Thus, one possible approach
to estimating the parameters of a VARMA model is to compute the sample
mean ¥ first and use that as an estimator of u. Then the preliminary estima-
tor for v may be computed as described in Section 12.3.4 and that estimator
is used as the initial vector in the optimization algorithm of Section 12.3.2.
Then just one step of the form (12.3.16) is performed with s; = s; = 1. The
resulting estimators 4, and X, (7, ¥,) may then be used instead of 4 and X,
in Proposition 12.1. Under general conditions, they have the same asymptotic
distributions as the actual ML estimators. Of course, this possibility is a com-
putationally attractive way to estimate the coefficients of a VARMA model.
In general, the small sample properties of the resulting estimators are not the
same as those of the ML estimators, however. |

Remark 6 Because often the final equations form involves more parameters
than the echelon form, unrestricted estimation of the former may result in
inefficient estimators. Intuitively, if we start from the echelon form and de-
termine the corresponding final equations form, the coefficients of the latter
are seen to satisfy restrictions that could be imposed to obtain more efficient
estimators. |

In the following sections, we will occasionally be interested in the asymp-
totic distribution of the coefficients of the standard representation of the pro-
cess,

(ye—p) = A1 (ye—1—p) +- - - +Ap(yt7p —p)tus+ Miug_q+- - + Mguy—g.
(12.4.3)

The coefficients are functions of 4 and their asymptotic distributions follow
in the usual way. Let

a:=vec[Ar,...,A)] and m:=vec[My,..., M,
then
a] -]

The ML estimators are
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2]-[:)

They are consistent and asymptotically normal,

Oa
a «a d oY da’ Om’
ﬁ([m}‘[mbw %2127 | om Eﬁ{awaﬂ
o'

(12.4.4)

If Ay = Ik, « and m will often be linearly related to v and we get the following
corollary of Proposition 12.1.

Corollary 12.1.1
Under the conditions of Proposition 12.1, if

8]
5]

=1l=)

(3] [5]) #vuns

and & and m are asymptotically independent of ¥, 11, and &. [ |

The remarks following the proposition also apply for the corollary. For
illustrative purposes, consider the bivariate ARMA£(0, 1) model,

1 0 1 0
|: 01— 042271[/ :|yt - |: mgl_’lL 1 -+ mgg_’lL :|ut (1245)
or
B [0 0 ot 0 0 u
0 921 Jet k Mot Maaq | LT
In this case,
[0 0
0 M1 ,1 22,1
a = 0 , m= 07 , Y= 221,1 )
L 221 ma2. 1 221
[0 0 0] ( 0]
000 0
000 0
100 0
R = 00 o0l and r = 0
010 0
000 0
10 0 1] L 0 |
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If the VARMA model is not in standard form originally, we premultiply
by Ay ! to get

yr—p = Ay Ai(yor —p) + o+ Ay Ay (g — 1)

4w+ Ay My + -+ Ay Mgy (12.4.6)

In this case, it is more reasonable to assume that

By :=vec[Ag, A1,..., Ap, My, ..., M,] (12.4.7)
is linearly related to -y, say,

By = Ry +r. (12.4.8)
Then it follows for

o = vec[Ag Ay, ..., Ayt A = vec(Ay AL, ..., Ap)) (12.4.9)
and

m = vec(A, '[M;,..., M,]), (12.4.10)
that

{ 8£ Ja Jda

o' -‘ [ 9By 98, 9By

Hm J [ om |97 | om
e 9By 980

Hence, we need to evaluate da/93; and dm/d3; to obtain the asymptotic

covariance matrix of the standard form coefficients.

]

oo 1, 0vec[Ay,..., A} dvec(A,h)
= = (Ig, ® Ay TP eIk |
ag, ~ AT g ) o
P
= (Ixp® A0 : Iz, : 0]
4 dvec(A
| e | (a0 a2t
/ 9By
AP

(see Rule 9 of Appendix A.13)

= (Igp @ AgH[0: T2, : 0]
(4p " Ay)'
— : @Ayt | [Ix2 : 0]. (12.4.11)
(Ag"A4p)'
A similar expression is obtained for dm/d3;. This result is summarized in
the next corollary.
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Corollary 12.1.2

Under the conditions of Proposition 12.1, if 3, is as defined in (12.4.7) and
satisfies the restrictions in (12.4.8) and a and m are the coefficients of the
standard form VARMA representation defined in (12.4.9) and (12.4.10), re-
spectively, with ML estimators & and m, then

AR La ) oot = L o).

where
Oo
H, = 987 (K?px K*(p+q+1))
0
= Ik, ®@ AN 0 T2, 0 ]
(K2px K?2) (K2px K2q)
(AgtAy)
- : @ Ayt | [Ig2 : 0]
(Ag'Ap)
and
Ho = 2B (K2 x K2(p+q+1))
(Ag "My
= (Ixg® A )0 Ixzg] — @ Ayt | [Ix2: 0],
(At M)

Again an example may be worthwhile. Consider the following bivariate
ARMAE(2,1) process with some zero restrictions placed on the coefficients
(see also Problem 12.3):

1-— Oéll’lL - 0411’2L2 0 1 0
{ —an1,0 — qo1,1 L 1— a9 L }yt B { —ag1,0 1+moaL }ut
(12.4.12)
or
1 0 a0 a0
{ —ano 1 }yt N { a21;1 Q221 }ytl * [ 0 0 }th

1 0 0 0
4{ —ao1o 1 ]“t * { 0 maa }71/15—1-

Hence,



ﬁoz

|
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ma22.1

21,0 -|
11,1
21,1
221
11,2

ma21

Furthermore,

-1
4 [ 1 0]
O )

Thus,

a = vec[Ay ' A1, Ay Ay

and

vec |:

aq1,1

Q11,1
a11,1021,0 + 211
0
Q221
11,2
@11,2(21,0
0
0

a11,1021,0 + Q21,1

o

\
DO D DO ODODODODODOOO OO O
OO DD OO OO ODODOO RO OO

1
21,0

0

22 1

o

DO DD OO OO OO OO OO

0
1

J

o
o
o

SO DDDODDODDODOOHH OO OO
SO DD DO HODODOOOO OO
— O OO0 OO0 oo o

11,2 0
aip20a210 0

|

OO DD OO DO DO DODDODOO OO

485
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0
- 0 O 0
= vec[AT' M, = =
m = vec[Ay  M;] vec[ 0 s } 0
mo2.1
Consequently,
[0 1 00 0 0]
Q11,1 Q21,0 10 0 0
0 0O 00 0 O
Jda 0 0O 01 0 O
5y —HeB=1 4 4 00 1 o (12.4.13)
ajze2 0 0 0 azg O
0 0 00 0 O
| 0 0 00 0 0]
and
000O0O0O0
Om 000O0O0O
9y = Hn.R = 000000 (12.4.14)
000O0O01

(see also Problem 12.7).

12.4.2 A Real Data Example

In their general form, the results may look more complicated than they usually
are. Therefore, considering our income/consumption example from Section
12.3.5 again may be helpful. For the VARMA(2,2) model with Kronecker
indices (0, 2) given in (12.3.27), the parameters are

/
Y= (Oé22,1,0422,2,m21,17m22,1,m21,27m22,2) .

The ML estimates are given in Table 12.1. Using v = 7, from that table, an
estimate of Z(v) is obtained from the iterations described in Section 12.3.5,
that is, we use fﬁw) = 7(3). The square roots of the diagonal elements of
7 (4) ! are estimates of the standard errors of the elements of 4. Giving the
estimated standard errors in parentheses, we get

225 (
061 (
_ | 313 (.090
F=| 70 ( (12.4.15)
140 (
160 (
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As mentioned in Remark 5 of Section 12.4.1, an alternative, asymptotically
equivalent estimator is obtained by iterating just once. In the present example
that leads to estimates

—.178 (.165)
492 (.133)
| 331 (.099)
Y27 | 527 (172) (12.4.16)
175 (.127)
—.015 (.152)

These estimates are somewhat different from those in (12.4.15). However,
given the sampling variability reflected in the estimated standard errors, the
differences in most of the parameter estimates are not substantial.

Under a two-standard error criterion, only two of the coefficients in
(12.4.15) are significantly different from zero. As a consequence, one may
wish to restrict some of the coefficients to zero and thereby further reduce the
parameter space. We will not do so at this stage but consider the estimates
of @ and m implied by v given in (12.4.15) (see, however, Problem 12.10):

0
0
0
& — vec A, ] — 6225(.252) ’
0
0
| .061(.166) |
SR ]
:313(.090)
0
m = vec[My, Ms] = _'0750('274) (12.4.17)
.140(.141)
0
160(.233) |

The standard errors are, of course, not affected by adding a few zero elements.
A more elaborate but still simple computation becomes necessary to obtain
the standard errors if Ag # Ik (see Corollary 12.1.2).

12.5 Forecasting Estimated VARMA Processes

With respect to forecasting with estimated processes, in principle, the same
arguments apply for VARMA models that have been put forward for pure
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VAR models. Suppose that the generation process of a multiple time series of
interest admits a VARMA(p, q) representation,

—p=A =)+ A — p) Fur + Myug g + -+ Mauy g,
(12.5.1)

and denote by y:(h) the h-step ahead forecast (with nonzero mean) at origin ¢
given in Section 11.5, based on estimated rather than known coefficients. For
instance, using the pure VAR representation of the process,

h—1

Ge(h) =fi+ > (@G (h Zﬁ (Yt+h—i — 1) (12.5.2)
1 i=h

.
Il

For practical purposes, one would, of course, truncate the infinite sum. For
the moment we will, however, consider the infinite sum. For this predictor,
the forecast error is

Yirn — Ue(h) = [Wern — ye(B)] + [ye(h) — G ()],

where y;(h) is the optimal forecast based on known coefficients and the two
terms on the right-hand side are uncorrelated as the first one can be written
in terms of ugs with s > ¢ and the second one contains y, with s < ¢, if the
parameter estimators are based on y, with s < ¢ only. Thus, the forecast MSE
becomes

Zy(h) = MSEy(h)] + MSE[y;(h) — s (h)
= 3,(h) + Elys(h) — Gu(h))lye(h) — G (W) (12.5.3)

Formally, this is the same expression that was obtained for finite order VAR
processes and, using the same arguments as in that case, we approximate the
MSEly:(h) — y:(h)] by £2(h)/T, where

Oyi(h) 3 dyi(h)’
on " om |7

Qh)=E (12.5.4)

n is the vector of estimated coefficients, and X7 is its asymptotic covariance
matrix. If ML estimation is used and

1
n=| o« |,
m
where o = vec[Ay, ..., A,] and m = vec[M;, ..., M,], we have from Proposi-

tion 12.1 and Corollaries 12.1.1 and 12.1.2,

[ = 01
0 )

X5
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Thus,
Iye(h)  Oy(h)  Oyi(h) o, Oyr(h) | Oyi(h) Ay (h)'
by - . - .
on’ " on ou' o ou + Jla’, m’] E[;n]a[ ey }
m

Hence, in order to get an expression for (2(h) we need the partial derivatives
of y;(h) with respect to u, @, and m. They are given in the next lemma.

Lemma 12.2
If y; is a process with stable and invertible VARMA(p,q) representation
(12.5.1) and pure VAR representation

/’(‘+ZH Yt—i — M +“t7

we have
IK—ilL-), for h =1,
3yt(h) ( i=1
o o oo Ay (h — )
Ic— S 1, A G Ry
< K ,; > + Z o .3
0y (h) 7h71 . , O vec(II, - )
W*;[(yt(h*@*u) ® Ik] 8[ T 2; m
0 vec(IL;)
+Z (Ytph—i — 1 ®]K]W, forh=1,2,...,
with
dvec(Il — 1— 0 I, @ J
z J J q
a[am JZ ®']M]{IKP®J’ 0 }

where H, M, and J are as defined in Chapter 11, Section 11.3.2, (11.3.13). In
other words, H, M, and J are defined so that —IT, = JM‘H. [ ]

The proof of this lemma is left as an exercise (see Problem 12.8). The
formulas given in this lemma can be used for recursively computing the partial
derivatives of y;(h) with respect to the VARMA coefficients for h = 1,2,... .

An estimator of £2(h) is obtained by replacing all unknown quantities by
their respective estimators and truncating the infinite sum or, equivalently,
replacing y; — p by zero for ¢ < 0. Denoting the resulting estimated partial
derivatives by

5yt(h) 5yt(h)
o' and dla’,m’]’
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an estimator for £2(h) is

Yraj———=1, (12.5.5)
N

respectively (see Corollaries 12.1.1 and 12.1.2 for the latter matrix). An esti-
mator of the forecast MSE matrix (12.5.3) is then

Xy(h) = Xy(h) + =02(h), (12.5.6)

where the estimator f’y(h) is again obtained by replacing unknown quantities
by their respective estimators.

With these results in hand, forecast intervals can be set up, under Gaussian
assumptions, just as in the finite order VAR case discussed in Chapters 2 and
3.

12.6 Estimated Impulse Responses

As mentioned in Section 11.7.2, the impulse responses of a VARMA(p, q)
process are the coefficients of pure MA representations. For instance, if the
process is in standard form, the forecast error impulse responses are

@, = JA'H (12.6.1)

with J, A, and H as defined in Section 11.3.2 (see (11.3.10)). Other quantities
of interest may be the elements of @, = @, P, where P is a lower triangular
Choleski decomposition of X, the white noise covariance matrix. Also fore-
cast error variance components and accumulated impulse responses may be
of interest. All these quantities are estimated in the usual way from the es-
timated coefficients of the process. For example, &; = JAiﬁ , where A is
obtained from A by replacing the A; and M; by estimators A; and M;. The
asymptotic distributions of the estimated quantities follow immediately from
Proposition 3.6, which is formulated for the finite order VAR case. The only
modifications that we have to make to accommodate the VARMA (p, q) case
are to replace a by
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,6Z:VGC[Al,...,Ap,Ml,...7Mq} — |: (87 :|7

replace Y5 by Efi and specify

O vec(P;) , dvec(A?)
G = ——=H®J)——
= T = eSS
i—1
1o Ovec(A)
— H/ J Al i—1-m A™
(H' @ )2%() @A™ —55—
i—1
= > H(A)Y "o JA™T. (12.6.2)
m=0

With these modifications of Proposition 3.6, the asymptotic distributions of all
the quantities of interest are available. Of course, all the caveats of Proposition
3.6 apply here too. In principle, structural impulse responses, as discussed in
Chapter 9, may be of interest as well. They are typically not based on VARMA
models, however.

12.7 Exercises

Problem 12.1
Are the operators

1-05L 0.3L 4 [1-020 13004417
0 1 an 0.5L 1+0.2L

left-coprime? (Hint: Show that the first operator is a common factor.)

Problem 12.2
Write the bivariate process

1—-pBiL 0 _ | 1-6L 0
BoL? 1—BsL || gL 1"

in final equations form and in echelon form.

Problem 12.3
Show that (12.4.12) is an echelon form representation.

Problem 12.4

Derive the likelihood function for a general Gaussian VARMA(p,q) model
given fixed but not necessarily zero initial vectors y_,41,...,%0. Do not as-
sume that u_g41 =+ = ug = 0!

Problem 12.5
Identify the rules from Appendix A that are used in deriving the partial
derivatives in (12.3.8).
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Problem 12.6
Suppose that In | X, (4, )| given in (12.3.11) is to be minimized with respect
to «v. Show that the resulting normal equations are

O[S, (1) 2~ o Oy

T < 7
t=1 Oy
Thus, the normal equations are equivalent to those obtained from the log-

likelihood function.

Problem 12.7

Consider the bivariate VARMA(2, 1) process given in (12.4.12) and set up
the matrices Hy and Hy, according to their general form given in Corollary
12.1.2. Show that H,R and Hy, R are identical to the matrices specified in
(12.4.13) and (12.4.14), respectively.

Problem 12.8
Prove Lemma 12.2. (Hint: Use Rule (8) of Appendix A.13.)

Problem 12.9

Derive the asymptotic covariance matrices of the impulse responses and fore-
cast error variance components obtained from an estimated VARMA process.
(Hint: Use the suggestion given in Section 12.6.)

Problem 12.10
Consider the income/consumption example of Section 12.3.5 and determine
preliminary and full ML estimates for the parameters of the model

vre | _ |0 0 Y1,t—2
Yot 0 22,2 Y2,t6—2
Lo ] L L]
U ¢ mo1,1 M22,1 U ¢ 1

L]
moi2 0O U2 t—2
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