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Abstract

This paper considers asymptotic inference in the multivariate BEKK model
based on (co-)variance targeting (VT). By definition the VT estimator is a two-step
estimator and the theory presented is based on expansions of the modified like-
lihood function, or estimating function, corresponding to these two steps. Strong
consistency is established under weak moment conditions, while sixth order moment
restrictions are imposed to establish asymptotic normality. Included simulations in-
dicate that the multivariately induced higher-order moment constraints are indeed
necessary.
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1 Introduction

As shown in Laurent, Rombouts, and Violante (2012) variance targeting (VT) estima-
tion, or simply VT, is highly applicable when forecasting conditional covariance matrices.
This paper derives large-sample properties of the variance targeting estimator (VTE) for
the multivariate BEKK-GARCH model, establishing that asymptotic inference is feasi-
ble in the model when estimated by VT. Whereas large-sample properties of the VTE
have recently been considered by Francq, Horvéth, and Zakoian (2011) for the univariate
GARCH model, the properties have, to our knowledge, not been investigated before for
the multivariate case. We find that the VTE is strongly consistent if the observed process
has finite second-order moments, and asymptotic normality applies if the observed process
has finite sixth-order moments. These moment restrictions for large-sample inference in
the BEKK-GARCH model, when estimated by VT estimation, are in line with existing
literature for large-sample inference with quasi-maximum likelihood estimation (QMLE),
see Hafner and Preminger (2009b). Included simulations indicate that our imposed sixth
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order moment restrictions cannot be relaxed for VT estimation, see also Avarucci, Beut-
ner, and Zaffaroni (2012) where it is argued that at least fourth order moments are needed
for QMLE. Thus our results points at that while VT estimation is simpler and even possi-
ble to implement for higher order systems, it requires no further moments than for QML
based estimation.

Most financial applications are by nature multivariate with forecasts of conditional
covariance matrices as important components as in for example the rich portfolio choice
and Value-at-Risk literature. Such forecasts may be based on estimation of multivariate
conditionally heteroscedastic (GARCH) models such as the BEKK model proposed by
Engle and Kroner (1995), see e.g. Bauwens, Laurent, and Rombouts (2006) and Lau-
rent, Rombouts, and Violante (2012). This is by now a well-known and much applied
multivariate GARCH model; However, a drawback of the BEKK model, despite the fact
that it is a very simple extension of the popular univariate GARCH model in Bollerslev
(1987), is that it contains a large number of parameters even for a small number of series.
This implies that it is difficult, if not impossible, to estimate the model through classical
QMLE. At the same time, recent development in financial applications implies an increas-
ing interest in conditional covariances and correlations based on vast, or high-dimensional
models. In light of this, one may reparametrize, or modify the BEKK model to obtain
fewer parameters, while at the same time one may wish to consider a different estima-
tion method from the usual Gaussian QMLE of all parameters. Examples of reducing
the number of varying parameters in the optimization procedure include, for the BEKK
model, diagonal-BEKK and scalar-BEKK, see Bauwens, Laurent, and Rombouts (2006).

VT estimation was originally proposed by Engle and Mezrich (1996) as a two-step
estimation procedure, where the unconditional covariance matrix of the observed process
is estimated by a moment estimator in a first step. Conditional on this, the remaining
parameters are estimated in a second step by QMLE. This two-step procedure saves the
number of parameters in the optimization step which yields an optimization over fewer
parameters regardless of the model has a restricted or unrestricted BEKK representation.
Recently, Noureldin, Shephard, and Sheppard (2012) have proposed the so-called mul-
tivariate rotated ARCH (RARCH) model that is estimated in two steps closely related
to VT estimation and thus saving the number of varying parameters in the optimization
step.

High-order moment restrictions for the multivariate BEKK model — as contrary to the
univariate GARCH model — is extensively discussed in Avarucci, Beutner, and Zaffaroni
(2012), which argues that the high-order moment restrictions for QMLE cannot be re-
laxed. As mentioned simulations are included which support this view for the VT based
estimation. Note also in this respect that the strong moment restrictions for asymptotic
QML inference in the multivariate BEKK model are similarly in contrast to the very mild
conditions found for univariate GARCH models, see e.g. Jensen and Rahbek (2004) and
Francq and Zakoian (2012) who find that asymptotic inference in the GARCH model is
feasible even if the observed process is explosive.

The theoretical parts of this paper make extensive use of linear algebra and matrix
differential calculus, see Liitkepohl (1996) and Magnus and Neudecker (2007) respectively.

Some notation throughout the paper: For n € N, [, is the n x n identity matrix. The
vector vec(A) stacks the columns of a matrix A, and vech(A) stacks the columns from the
principal diagonal downwards. The trace of a square matrix A is denoted tr{A}, and the
determinant is denoted det(A). For a k x [ matrix A = {a;;} and an m x n matrix B, the
Kronecker product of A and B is the km x n matrix defined by A ® B = {a;; B}. The



matrix (Euclidean) norm of the matrix, or vector A, is defined as ||A|| = (tr{A’A})Y/2.

.....

spectral radius of A. For an n x n matrix A, the n? x n? commutation matrix K, has
the property K,,vec(A) =vec(A’). The letters K and ¢ denote strictly positive generic
constants with ¢ < 1.

2 The variance targeting (VT) BEKK model

As in Hafner and Preminger (2009b) we focus on the BEKK(1,1,1) model, the BEKK
model hereafter, which is the predominantly used version of the BEKK models in appli-
cations, see Silvennoinen and Terisvirta (2009). The BEKK model is given by

X, = H"*Z, (2.1)

where t = 1,...,T, and Z; is an IID(0, I;) sequence of random variables. Htl/ ? is the
symmetric square-root of H; given by

Ht == C + AXt—lXt/_lA, + BHt_lB,, (22)

with X, and H, fixed, and H, positive definite. Moreover, C' € R? x R? is positive definite
and A, B € R? x R4, and hence H; in (2.2) is positive definite.

Theorem 2.1 below states that, under certain assumptions, there exists a covariance
stationary solution of the BEKK model. More precisely, if {X;},_; , is covariance
stationary, then V' [X;] = E'[H;] = " where I' is positive definite and solves the equation

I'=C+ AT'A' + BB (2.3)

Boussama, Fuchs, and Stelzer (2011, Lemma 4.2 and Proposition 4.3) establish that such
solution exists if p[(A® A) + (B ® B)] < 1. Variance targeting can be presented as
rewriting the model so that the unconditional covariance matrix of X; appears explicitly
in the equation for H;. Substituting (2.3) into (2.2) yields

H, =T — ATA' — BB’ + AX, X, ,A'+ BH, B, (2.4)

and we say that H; has the variance targeting BEKK representation, see also Noureldin,
Shephard, and Sheppard (2012).
Define v =vec(T") and
A = [vec(A)', vec (B)/}/, (2.5)
and let 6§ denote the parameter vector of the model containing all the elements of I,
A, and B, so that § = [/, N']'. Throughout the text we will use the notation Hy(7,\),

indicating that H; depends on the parameters in v and A. Then the variance targeting
BEKK model with parameter vector [/, \'|' is given by

Xt = Ht1/2<77 A)Ztv (26)
where t = 1,..., T, and Z; is IID(0, 1), and

Hy(y,\) =T — ATA’ — BU'B' + AX, 1 X, A"+ BH; 1(7,\)B’, (2.7)



where v =vec(I') and A = [vec(A4)" vec(B)']. Note that the parameters in A are re-
stricted such that p [(A ® A) 4+ (B ® B)] < 1 on the parameter space © C R3?*. Moreover,
Xo and Hj are fixed, and Hy and I' are positive definite.

Some properties of a BEKK process have recently been investigated by Boussama,
Fuchs, and Stelzer (2011) and may be summarized in the following theorem.

Theorem 2.1 (Corollary to Theorem 2.4 of Boussama, Fuchs, and Stelzer (2011))
Let {Xt}t:L...,T be a process generated by a variance targeting BEKK process and define

!/

W, = [vech(H,)', X,]. (2.8)
Suppose that the distribution of Z; is absolutely continuous with respect to the Lebesgque
measure on R, and that zero is an interior point of the support of the density.

Then the Markov chain {Wt}t:L._"T 15 geometrically ergodic. Moreover, the strictly sta-

tionary and ergodic solution of the model associated with {W;},_, r has E 1X:]]> < o0
and E ||H;|| < oo for all t.

Remark 2.1 The geometric ergodicity of {Wt}t:L...’T implies that there exists a unique
invariant distribution for Wy and that the marginal distribution of {Wt}tzl,...,T converges
to this stationary distribution when the chain is not initialized from its stationary distri-
bution.

Remark 2.2 By initiating {W.},_, __r from the invariant distribution, X, is covariance
stationary.

Remark 2.3 In Section 3 we show that asymptotic normality of the variance-targeting
estimator can be established when E || X,||® < co. Choosing a drift function for Wy in
(2.8) which implies E || X;||°® < oo has, to our knowledge, not been considered anywhere in
the literature. In Appendiz C we establish conditions for geometric ergodicity and finite
second, fourth, sixth, and eighth-order moments for the simpler BEKK-ARCH(1) model
as in (2.2) with B =0 and Z; Gaussian.

3 Variance targeting (VT) estimation

Whereas classical QMLE of the BEKK model has been considered by Comte and Lieber-
man (2003) and Hafner and Preminger (2009b) (as a special case of the VEC GARCH
model), we consider the estimation method of variance targeting. VT estimation is a two-
step estimation method where 7 is estimated by a the sample unconditional covariance
matrix of Xy, and next A is estimated by QMLE by optimizing the VT log-likelihood with
respect to A. The two-step procedure yields the VTE of # denoted 6yr. This will be
explained in detail below.

Let A be a space of the same dimension as A in (2.5). Note that the parameter # € R3%’
only contains 2d* + d (d + 1) /2 unique elements since I' is symmetric. The VT procedure
suggests that I' is estimated by the sample covariance, so that

T
-~ 1 /
Yyr = Vec <T t:E 1 XtXt) . (31)



We observe that if X, is strictly stationary and ergodic with E || X;||> < oo, Fy is a
(strongly) consistent estimator for v =vec(I"), by the ergodic theorem.
For the variance targeting BEKK model, the profiled quasi log-likelihood is given by

T

1
Le(v ) = 7 S (3 ) (3.2
t=1
with

Li(4, \) = log {det [Hy (v, )]} + tr { X, X/H ™ (4, 0)} (3.3)

Given an estimate (3.1) of 7, the VTE of A is defined as
Ayr = arg minLy Ay, A) - (3.4)

AEA

and the two-step procedure yields the VTE of v and A
~ /\I ~ /
Ovr = |:7VT7>‘VT:| :

Remark 3.1 Although Z; is not assumed to be necessarily Gaussian, we choose to work
with the Gaussian log-likelihood and hence, similar to the notion of QMLE, one could
denote the estimator QVTE.

Compared to QMLE the VT procedure saves the number of varying parameters in the
optimization step: In the first step d(d + 1) /2 parameters are estimated by method of
moments, and in the second step 2d? parameters are estimated through optimization. If
A and B are diagonal matrices, which is a restriction that is often imposed in practice,
the proportion of varying parameters, relative to the total number of parameters to be
estimated, is small for a moderate dimension of the observed process. This suggests
that the combination of a restricted BEKK model, say the diagonal, and VT allows for
estimating high-dimensional systems.

For estimation of C' in the original BEKK model in Definition 2.2, recall that

Its asymptotic distribution is stated in Proposition 4.1 below.

4 Large-sample properties of VT estimation

In this section we establish the consistency and asymptotic normality of the VTE. The
proofs are stated in Appendix A.

As in Comte and Lieberman (2003), Hafner and Preminger (2009b), and Francq,
Horvéth, and Zakotan (2011), we assume that{X;},_, ; is strictly stationary and er-
godic:

Assumption 4.1 The assumptions of Theorem 2.1 are satisfied, and the observed process
{Xt}t:O,...,T is generated by the strictly stationary and ergodic solution of a variance-
targeting BEKK process.



Note that one could weaken this assumption so that {X;},_, r is initiated from a
fixed value, see Jensen and Rahbek (2004).
In addition to Assumption (4.1) we make the following assumptions:

Assumption 4.2 The true parameter g € © and © is compact.

Assumption 4.3 For A € A, if A # Ao then H; (7o, \) # Hi (7, No) almost surely, for
allt > 1.

We are now able to state the following theorem.
Theorem 4.1 Under Assumptions 4.1, 4.2, and 4.3, as'T — oo the VTE satisfies
Oyr “3 6y,

Remark 4.1 Assumptions 4.2, and 4.3 are in line with Comte and Lieberman (2003)
and Hafner and Preminger (2009b).

Remark 4.2 The finite second-order moments of X, implied by Assumption 4.1, are
in line with the moment restrictions for consistency of the VI'E in the univariate case,
see Francg, Horvath, and Zakoian (2011). The relatively weak sufficient conditions of
Theorem 4.1 suggest that consistency of the VTE applies for many practical purposes.
Notice that the moment restrictions are stronger than the ones that are sufficient for
consistency of the QMLE for the BEKK model of the form (2.2) where finite second-order
moments of X; are not necessary, see Hafner and Preminger (2009b).

In order to show that the VTE is asymptotically normal, we make two additional
assumptions:

Assumption 4.4 F | X,|° < co.
Assumption 4.5 6, is in the interior of ©.

Theorem 4.2 Under Assumptions 4.1-4.5, as T — oo

VT (Bvr—00) 2 N (0 L2 O Yo, = 0y
vrT 0 ) _JO—IKO _Jo—l 0 _Jo—lKO _Jo—l )
where the matrices Jy and Kq are stated in (A.10) and Qq is stated in (B.36) below.

Remark 4.3 Assumption 4.4 states that the observed process X; is required to have fi-
nite sixth-order moments. The moment restrictions are required in order to show that the
second-order derivatives of the log-likelihood function converges uniformly on the parame-
ter space, see the proof of Lemma B.5 below. Notice that the requirement of sixth-order
moments is stronger than the requirement of finite fourth-order moments found by Francg,
Horvdth, and Zakoian (2011) for the univariate case. However, notice that if we choose
d = 1, our model corresponds to the one considered by Francq, Horvdth, and Zakoian
(2011) and Assumption 4.4 can be weakened such that only finite fourth-order moments
of Xy are required. In the case where the dimension is greater than one, the structure of
the BEKK model implies that high-order moments of the X, are required to be finite. This
issue is discussed extensively in Avarucci, Beutner, and Zaffaroni (2012). Notice that the
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moment conditions are just as weak as the ones found in existing literature on asymp-
totic normality of the QMLE, see Hafner and Preminger (2009b). Assumption 4.4 is a
strong assumption that is rarely satisfied in practice, and illustrates the main drawback of
the BEKK models: Standard large-sample inference requires moment conditions that are
rarely satisfied in real-world applications. Assumption 4.5 is a standard assumption in the
literature.

Given the asymptotic distribution of EVT, we may derive the asymptotic distribution
of the VTE for C in the original BEKK model in (2.2):

Proposition 4.1 Under the assumptions of Theorem 4.2, as T — oo

- I 0 Ip 0 )
VT (vec (CVT> — vec(C’O)) ZN (O,ZO (—Jg_dlKo _Jo_l) Qo (_JO_dlKO _Jo_l) 26) ,

where

(dQZ??d2) = ([ — (Ao ® Ag) — (Bo ® By)] — Lz + Kaa) [(AoTo) ® 1] — [Lz + Kaa) [(Bolo) ® 1)) .

5 Simulation study

In this section we illustrate the theoretical results of Section 4 through simulations. Specif-
ically, we simulate the large-sample distribution of the VTE for three different cases. In
the first case the sufficient moment restrictions for asymptotic normality, see Theorem
4.2, are satisfied - in particular the data-generating process (DGP) has finite sixth-order
moments. In the second case the DGP does not have finite sixth-order moments, but finite
fourth-order moments. Hence the conditions of Theorem 4.2 are violated, so the VTE
for the entire parameter vector may not be asymptotically normal. However, the moment
restrictions for asymptotic normality of the VTE for ~ are satisfied. In the last case the
DGP has only finite second-order moments which suggests that even the VTE of ~ cannot
be asymptotically normally distributed. In order to keep things simple we focus on the
bivariate diagonal-BEKK-ARCH(1) with Gaussian noise , that is the process in (2.2) with
d =2, A diagonal, B = 0, and Z; IIDN(0, I5). In Appendix C we establish conditions for

.....

and such that certain moments of the stationary solution are finite.

5.1 Case 1: The DGP satisfies the sufficient conditions for as-
ymptotic normality

Consider the bivariate DGP for X; given by (2.2) with B = 0. That is
X, = H?Z, Z, TIDN(0, L), and H, = C + AX, 1 X| A, (5.1)

. 0.8 0.5
with € = (Cyj); jo1p = (0.5 O.7> ' 52)
First we choose A such that E || X;||® < co. Specifically, we set
0.6 0
A== (% 05) 53

7



and observe that p (A ® A) = 0.36. By Theorem C.1 the stationary solution of the process
has F || X;||® < oo, and hence the moment restrictions of Theorem 4.2 are satisfied.

For N = 1000 realizations of (5.1)-(5.3), t = 1,...,10000, H; = C, we estimate A and
C by VTE using the GQRCH Package version 6.1 for OxMetrics 6.1.
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Figure 5.1: Density and Q-Q plots of N = 1000 VT estimates of A;; and C7; of the process
(5.1)-(5.3). In the density plots the red line is the plot of the estimated density of the VT
estimates, and the black dashed line is the plot for the normal distribution. The Q-Q plots
compare the quantiles of the estimate with the ones of a normal distribution (red crosses). The
solid blue lines are the asymptotic 95% standard error bands of a normal distribution.

Figure 5.1 contains density and Q-Q plots of the estimates of A;; and C1; in the process
(5.1)-(5.3). The figure suggests that the estimates seem to fit a normal distribution well,
which is in line with Theorem 4.2.

We now turn to the second case where the DGP does not satisfy the conditions in
Theorem 4.2.

5.2 Case 2: The DGP does not satisfy the sufficient conditions
for asymptotic normality

Next we consider the DGP (5.1)-(5.2) and choose A such that E || X,||* < oo, but E || X;||°
is not finite. We set

075 0
A= (Aij)i,jzl,Q - ( 0 0‘5) ; (5.4)

so that p(A® A) = 0.75° = 0.5625. This implies that E || X;|° is not finite, however
<

p(A® A) \/Lg ~ 0.5774, so we have that the DGP is geometrically ergodic with
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Figure 5.2: Density and Q-Q plots of N = 1000 VT estimates of A;; and C7; of the process
(5.1),(5.2),(5.4). In the density plots the red line is the plot of the estimated density of the
VT estimates, and the black dashed line is the plot for the normal distribution. The Q-Q plots
compare the quantiles of the estimate with the ones of a normal distribution (red crosses). The
solid blue lines are the asymptotic 95% standard error bands of a normal distribution.

E || X:||* < oo for the stationary solution by Theorem C.1. As in Case 1 we consider
N = 1000 realizations of the DGP and estimate A and C' by VTE.

Figure 5.2 contains density and Q-Q plots of the estimates of A;; and C; in the
process (5.1),(5.2),(5.4). The estimates of A;; do not seem to be normally distributed.
The density is skewed compared to normal distribution, which can also be deduced by
the S-shape of the points in the Q-Q plot. The estimates of C'1; do seem to fit a normal
distribution, except for a few outliers (see Q-Q plot). In the following we explain why
this can happen. R R R

Recall that vec(Cyr) = [Iz — (Avr ® Ayr)[Ayr, so the distribution of vec(Cyr)
(or more correctly v/T[vec(Cyr)—vec(Cp)]) depends on the distribution of (Ayr @ Ayr)
and Jyp. Recall that 3y, is asymptotically Gaussian if F || X,]|* < co by the Central
Limit Theorem, which can be verified by observing that vec(T'y7) is given by (B.33),
and that /T [vec(T'y7)—vec(I'y)] is asymptotically Gaussian, if E ||.4;| < oo, see proof
of Lemma B.9. This is the case if || X,||* < oo, which holds for our choice of DGP, so
VT [vee(Tyr)—vee(Ty)] is indeed asymptotically Gaussian. Next

VTvec <6VT = C’0> = [Id2 — (A\VT ® EVTH VTvec <fVT — FO) (5.5)
VT [(EVT ® ,ZVT) (A A)} vec (Ty) .

If E || X;||* < oo the first term of the right hand side of (5.5) converges to a Gaussian vari-

9



able, and determines the distribution of v7'vec (é\VT — C’) if [(A\VT ® A\VT> —(A® A)]
converges to some (unknown) distribution with a rate of T"/2+% for some 6 > 0. Suppose
[(fm ® EVT) —(A® A)} = Op (1/TY#9), then VT [(EVT ® EVT) —(A® A)} _
op(1), and hence
VTvec <6v:r — C) = [Lp — <A\VT ® EVTH VTvec (fVT — FO) + op(1), which ensures
that /Tvec <6VT = CO) is asymptotically normally distributed.

Next we turn to the case where E || X;||> < oo, but E || X;||* is not finite.

5.3 Case 3: The DGP has F || X;||” < oo, but E || X;||" is not finite

Finally, we consider the DGP (5.1)-(5.2) and choose A such that F||X,]|> < oo, but
E||X,||* is not finite. We set

095 0
A= (Aij)i,j:1,2 - ( 0 0.8) ) (5.6)

and we have that p (A ® A) = 0.95% = 0.9025. This implies that E || X;||* is not finite,
however p (A ® A) < 1, so we have that the DGP is geometrically ergodic with E || X, |
oo by Theorem C.1. As in Case 1 and 2 we consider N = 1000 realizations of the DGP
and estimate A and C' by VTE.

Figure 5.3 contains density and Q-Q plots of the estimates of A;; and C4; in the
process (5.1),(5.2),(5.6). None of the estimates seem to be normally distributed. In light

of Case 2 this might be explained by the fact that v/T'vec (fVT — F) is not asymptotically

normal as F || X,||* is not finite.

Briefly, the simulation study suggests that asymptotic normality of the VTE applies
when X; has finite sixth-order moments, which is in line with the theory derived in
Section 4. Case 2 showed that when relaxing the moment restrictions, Ay is no longer
asymptotically normally distributed. This indicates that E || X;[|° < oo is a necessary
moment restriction for doing standard large-sample inference in the BEKK-ARCH(1)
model when estimated by VTE. Case 2 also showed that évT is asymptotically normal
even if F || X,|° is not finite (but £ | X,||* < 00) , which might be explained by the fact
that asymptotlc normality of I‘VT only requires that F ||Xt|| < oo. Case 3 showed that
when E||X,||*> < oo but E||X,||* is not finite, neither Ayy nor Cy are asymptotically
normal.

6 Extensions and concluding remarks

We derive the asymptotic properties of the variance-targeting estimator (VTE) for the
multivariate BEKK-GARCH model. Variance-targeting estimation relies on reparametriz-
ing the BEKK model in (2.1)-(2.2) such that the variance of the observed process appears
explicitly in the model equation. This yields a reparametrized (variance-targeting) model
given by (2.6)-(2.7). The parameters of the model are estimated in two steps yielding
the VTE: The variance of the observed process is estimated by method of moments, and
conditional on this, the rest of the parameters are estimated by QMLE. We establish
that the VTE is consistent when the observed process has finite second-order moments,

10
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Figure 5.3: Density and Q-Q plots of N = 1000 VT estimates of A;; and C}; of the process
(5.1),(5.2),(5.6). In the density plots the red line is the plot of the estimated density of the
VT estimates, and the black dashed line is the plot for the normal distribution. The Q-Q plots
compare the quantiles of the estimate with the ones of a normal distribution (red crosses). The
solid blue lines are the asymptotic 95% standard error bands of a normal distribution.

and is asymptotically Gaussian when the process has finite sixth-order moments. Our
simulations indicate that these moment restrictions cannot be relaxed.

An obvious way to extend our results is to consider the general BEKK(p, ¢, k) model
and the multivariate Rotated GARCH (RARCH) model recently proposed in Noureldin,
Shephard, and Sheppard (2012). The model and the proposed two-step estimation pro-
cedure has some similarities to VTE, and it may be possible to exploit some of our

theoretical results when investigating the asymptotic properties of the two-step estimator
for the RARCH.

A Proofs of Theorems

In the asymptotic analysis we assume that the observed process {Xt}tzo,...,T is strictly
stationary and ergodic, see Assumption 4.1. Throughout the text we use the probability
/ /

measure where W, = [vech (H,;)", X;]" in (2.8) is strictly stationary and ergodic with
appropriate moments finite. We define for ¢ > 1

Ht<’)/, )\) =I - AFA, — BFB/ + AXt_le{ilA, + BHt_l(’)/, )\)B/, (Al)
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where Hy(7, ) is strictly stationary. For the recursions defining Hy(y,A) in (A.1) it is
useful to introduce also Hy (v, A) given by

Hyp(y,\) =T — ATA' — BB’ + AX, 1 X, A"+ BH, 1 (7, \) B, (A.2)

where Hy p, (fy, A) = h is fixed and positive deﬁnite We observe that as both recursions in

.....

vee [Hy(v,\) — Hipn(7,A)] = (B ® B) vec [Hi—1 (v, A) — Hi—i (7, N)], ¢ > 1. (A.3)

Recall that

Lr(r,X) = 7 S ), (A4)
with
li(y,\) = log {det [H, (7, \)]} + tr { X, X[H, " (v, \) }, (A.5)

and Hy(7y, A) given by (A.1). To distinguish between Hy(y,\) and H; (7, \) we introduce
correspondingly

LTh ’77 Z lt h 77 (A6)
with
len (7, A) = log {det [Hyp, (7, NI} + tr { Xe X0H 3y (v, M)} (A7)
with Hyp, (7, A) given by (A.2).

A.1 Proof of Theorem 4.1

In order to make the proof readable, most of its steps rely on lemmas stated and proved
in Section B.1 below.
Observe initially that by the ergodic theorem, as T" — oo

/'77VT = Yo- (A.8)

It now remains to verify that XVT is consistent. The proof follows the technique from the
proof of Theorem 2.1 in Newey and McFadden (1994). We have that for any € > 0 almost
surely for large enough T

£l ()

} < Ly (%,XVT> + /5 by Lemma B.3
Ly <70, >\VT> < Lgy ('/Y\VT,XVT> +¢/5 by Lemma B.1

< Lrp (Yyr: o) +€/5 by (3.4)
< L7 (79, ) +€/5 by Lemma B.1
< El; (79, Ao)] +€/5 by Lemma B.3.

LT h <’YVTa Avr

LT,h (7 VT Ao

)
Ly (70a )‘0)

Hence for any € > 0,

E [lt (’yo,/)\\VT)] < El; (79, Mo)] + €

By standard arguments as in Newey and McFadden (1994), it follows that as T" — oo,

12



vz 5 A, Combined with (A.8), we conclude that as T — oo, Gy &5 6.
We now turn to the proof of asymptotic normality of the VTE.

A.2 Proof of Theorem 4.2

Again, in order to make the proof readable, most of the steps rely on lemmas stated in
Section B.2. By Assumption 4.5, (3.4), and the mean-value theorem

oL A R o [
0= 200 X0) 4 ) Gor = v0) + I @) (e —x)  (A9)
where
8LT,h (’}/07 )\0) _ aLT,h (77 )\) K (9*) _ 82LT,$ (77 )\)
B\ Ny " NV |y
82LT}L (’}/ )\)

d gry = ZZLhiLA)

and Jr, (67) NN |y

and 0 on the line between 6, and /Q\VT, see also the proof of Lemma 1 in Jensen and
Rahbek (2004). Let

Lt (79, Mo) _ 0Ly (77, M)
o\ o\

82LT ("}/ )\)
, Kp(0") = —(5-—
6=, OOy

82LT (’}/ )\)
and Jp (0F) = — L D20
0—g* ONON 9—o*

By Lemma B.6, Lemma B.7, and Theorem 4.1, Jp (0) is invertible with probability
approaching one, so by Lemma B.11

VTvee (XVT - )\0> = g (0 VT2 00 M) gt e 09 VT G — ) op (1)

O\
Hence
IR I 0 (v — 7o)
VT (fvr =tn) = (—JT )" Kr (07) —Jr (e*)) ﬁ( rtorn) ) +0op (1)
Define
821t (’Y )\) 821,5 (’}/ )\)
=F | —1= Ky =F|—"~ . Al
Jo PN |y, and K DAY |y (A.10)

By Lemma B.6 and Theorem 4.1

( IdQ 0 )5)( Id2 0 )
—Jpt (07) Kr (07) —Jp" (07) —Jo ' Ko = Jyt)

The asymptotic normality of the VTE now follows from Lemma B.10 and Slutzky’s the-
orem.

13



A.3 Proof of Proposition 4.1
Notice that vec[C (0)] = [l — (A® A) — (B ® B)]~. Since § = [/ )\']’,

dvec [C (0)] _ [8vec[C(9)] dvec|C(0)] 8vec[C(9)]}/
o0’ 9y Ovec(A)’ dvec(B) | -

We have that

e CON _ (1, — (4 4)— (B B).
o'
d
. Ovec[C'(#)]  Ovec(AT'A')
dvec(A) — Ovec(A)
Since I' is symmetric
Ovec (AT'A)

ovec(ay e T Rl (AT L

which follows by Result 7 in Section 10.5.1 of Liitkepohl (1996). Likewise,

Ovec (BI'B’)
—— =g+ K BI') ® 1) .

dvec (BY [la> + Kaa] [(BT) @ 1]
The distribution of v/T [vec (GVT) — vec (C’O)] now follows by the delta method.

B Lemmas

The following section contains the lemmas that were used for establishing consistency and
asymptotic normality of the VTE in Section 4. Before we turn to the lemmas we introduce
some definitions and useful matrix analysis results for the proofs, see also Liitkepohl
(1996).

If the matrix A is positive definite we write A > 0, and if A is positive semi-definite
we write A > 0. For the matrices A, B, C, and D, suppose ABC'D is defined and square.
Then

tr {ABCD} = (vec (D))" (C' ® A)vec (B) = (vec (D)) (A® C")vec (B').

The spectral norm of the matrix A is defined as || A[[,,.. = v/p (A’A). For the matrices A
and B, if AB is well-defined,

tr (AB)| < lA|[ 1 B], (B.1)
HABH S HAHspec HBH ) HABH S HAH HBHspec’ and HA + BHspec S HAHspec + HBHspec‘
(B.2)

If Aisn x n, then
||A||spec S ||A|| S \/E“AHspec' (BS)

For an n x n matrix A > 0 with eigenvalues A\; (A), ..., A\, (A), it holds that

log det(A) = z": log A (A) < z”: Ai(A) =tr(A). (B.4)
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Moreover,

log det(A) = log (det(A’A))"? < nlog (p(A'A)"* = nlog || A|

where the inequality follows from the fact that det (A) < p (A)".
For two square matrices A and B it holds that

tr(A® B) =tr(A)tr(B).

(B.5)

(B.6)

Consider an n x n matrix A > 0 and an n X n matrix B > 0 with eigenvalues \; (B) <
- < A\ (B). Let My (A+B) < --- < X\, (A+ B) denote the eigenvalues of (A + B),

Then

by Result 4 in Section 5.3.2 of Liitkepohl (1996). Moreover,
0<Ai ((A + B)_l) <\ (Bil) s i1=1,..,n.

Hence
O<tr[(A+B)'] <tr(B™).

For an n x n matrix A and an n X n matrix B > 0, it holds that
det (A+ B) > det (A),

by Result 11 in Section 4.2.6 of Liitkepohl (1996).
For two positive semi-definite n x n matrices A and B, it holds that

det (A+ B) > det (A) + det (B),

by Result 12 in Section 4.2.6 of Liitkepohl (1996).
For some matrix A we introduce the notation A®? := (A ® A).

B.1 Lemmas for the proof of consistency

Lemma B.1 Under Assumptions 4.1-4.3, as T — oo

sup | Lt (Y9, A) — L Fyg, A =50
A€A

where Ly (v, \) is stated in (A.4) and Ly, (Vyr, A) is stated in (A.6).

15
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Proof. We have that

sup | Lz (79, A) — Lt Yvr M| (B.11)
AEA
T
1 det [H; (79, A)] } I Try—1 1/~ )

= sup|— lo — +tr{ X X, |H JA)— H JA

/\GE T ; ( g {det (Hyp Bygs V] { £y [ i (0, N th Fvr )”

det [Ht (707 A)] }'

< = sup |lo —
- Z AGE & {det [Hyn (Yyrs A)]

+—= Zilélz ‘tl“ {Xt [ 707 A) — H;hl Yvrs )‘)] H ’

and we want to show that each of the averages in (B.11) converges to zero almost surely.
By definition of H; (v, ) in (2.7), I' — ATA’ — BI'B’ > 0 on © and AX, ;X] A" +
BH; 1B’ > 0 for all ¢t and for all § € ©, so applying (B.8) and (B.9) yields

det [H; (7, )] > det (I' — ATA’ — BI'B’) > 0.

In particular, H; (v, \), and similarly for H;j (7, A), is invertible for all ¢ and all 6 € ©.
Moreover,

1E7 (1, 0| < HH;W (v, /\)H2 = tr [H" (3, \)] < tr [(D— ATA' = BUB))!

where the second inequality follows by (B.7). As the eigenvalues of H; (7, A) are continuous
in v and A, and © is compact,

sup ||[H; ' (v, A)|| < suptr [(F — AT A’ — BFB')A] <K, (B.12)
00 9e6

and, likewise, supgcg HHt_h1 (7, )\)” < K.
By (A.8) we have that for 7" sufficiently large almost surely

supHH;hl(ﬁVT, || < sup”ch v, A H < K, and sup”H ”Yo>>\)|| < supHH[l (7, )\)H < K.
AEA 06

(B.13)
Next, we note that
vec [Ht (707 A)] — vec [Ht,h (?VT? )‘)]
= (Id2 — A% — B®2) (Yo — Vvr) + B®?vec [H; (9, A) — H; ., (Vvr, M)
(B.14)

—_

t_
— (B®2)" (Iz — A®2 — B®?) (7, — Fyp) + (B®2)" vec [Ho (79, A) — Hop) -

i

Il
=)

As p(A®?+ B®?) < 1 on O it follows from Proposition 4.5 of Boussama, Fuchs, and Stelzer
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(2011) that p(B®?) < 1 on ©. Hence for any i we have that

B®?)’
sup | (5°2)

(B.15)

As in Francq, Horvath, and Zakoian (2011, p.644), (B.14), the compactness of ©, (A.8),
and (B.15) imply that as 7" — oo

sup [vee [H (70, V)] = vee [Hu (Fyr, V|| < K6 +0(1) as. (B16)
€

Considering (B.11), we have that for T sufficiently large

1 & det [H, (7, V)] H
- 1
T 25 log {det [Hea Gvr ]
- Zsup|logdet Ht (Y05 ) Ht_hl (/V\VTa)‘)H
AEA
T
_ Zi |logdet {]d + [Hi(vg, A) — Hiy Yy A)] Htjhl Vv /\)H
=1
T
< K= Zsup(10g||fd+ [Hy(v0: A) = Hon Gz N H! G V] .,
]_ ~
< IS o (Bl 30 G 0 15 )|
1 « ~
_ K?;?\EIX!log(lﬂL |[H(v0, A) = Hon (v, V] Hyp G V)|
1 < N R
< K? Zi‘éf H[Ht('yo, A) = Hyp (Vyrs M) Ht,}} (’YVT>)\)||
=1

T
1
< K— sup ||Hi(vg, A) — Hen Gy, V|
< T;Ae]i” (Y0, A) = Hen v, M|

where the first inequality follows from (B.5), the second from (B.2) and (B.3), and the
third follows from the fact that log (x) < x — 1 for > 1. Likewise,

= Zsup |tr { X, X] "0, A) = Hyy Gy M1

AEA

- T Z S/\E—E |tI‘ {Htj:cl (:Y\VT’ )‘) [Ht,w (a/\VT7 /\) - H, (’703 )‘)] ]—]t_1 (707 /\) XtXéH

IN

1 — R _
KTZSUP ||Ht_a:1 (7VT7)‘)H ||Ht,z Vv A) — Hy (70, M| HH 70»)‘)H HXtXt,“

IA

K— Zilelg | Heo Ay A) = He (70, M) 1Xe)1*

17



where the inequalities follow by (B.1) and (B.13) respectively. By (B.16) we conclude
that

sup |Lr (7, A) — Lrw (Gyvr, V)| < K
Aeh

’ﬂ |

Z fsz IX2+0(1) as.

By Markov’s inequality and E || X;||> < oo, it follows that for any & > 0
(12 o OB X
Y P (X >e) < Z? < 0
t=1 t=1

By the Borel-Cantelli lemma ¢! || X;|* % 0 as t — co. It now follows by Cesaro’s mean
theorem that X Zt LA IX|IP %% 0., and we conclude that (B.10) holds. m

Lemma B.2 Under Assumptions 4.1-4.3,

Esup|l; (v,)\)| < K.
9co

Proof. We note that

vec [Hy (7,A)] = (I — A®* — B®?) v + A®*vec (X;_1 X, ;) + B®*vec [H;_1 (7, A)]
= Y (B®) [(I2 — A®® — B®) 5 + A®%vec (Xoo1,X]_,_;)] (B.17)

=0

SO

Sup |vec [Hy (v, M)]]| < Z sup H B®2 ) [Tz — A®? — B®?) v + A%*vec (Xy—1-iX,_1_;)] H :
0c®

Notice that

E {Sup H (B®2)i [([dQ _A®2 B®2) v+ A®2vec (Xt,l,iXé_l_i)} H}
GSC]

e 20

Il
=)

(K¢' + K¢'E[|X]*) < oo

(2

By Theorem 9.2 of Jacod and Protter (2003) we conclude that

B [ggg I\ (o, A)H] < K. (B.18)
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Now

E {sup |l (7, )\)]} = FE {sup |log det [H; (v, \)] + tr [ X, X, H, " (v, A)] ‘}
€O €O

IN

E {sup |tr [Hy (v, \)] + tr [ X, X H (7, M) ‘}
€O

IA

{6 11,001 + e . 0]

IN

K [Esup |, (v, A)H] L KE [sup X2 | E (o A)H]
[I=(C) (I={C)]

K+ KE|X,|
K

IA N

Y

where the first inequality follows from (B.4), the second from (B.1), the fourth from (B.18)
and (B.12), and the last inequality follows by the fact that E || X;||> < co. m

Lemma B.3 Under Assumptions 4.1-4.3, as T — oo

Sup |LT (77 >‘> - F [lt (77 )‘)” = 0
0cO

where Ly (0) is the log-likelihood and I, (0) is the log-likelihood contribution (at time t)
stated in (A.4) and (A.5), respectively.

Proof. The result follows by Lemma B.2 and the Uniform Law of Large Numbers for
stationary ergodic processes, see Theorem A.2.2 of White (1994). =

Lemma B.4 Under Assumptions 4.1-4.3,
E|l; (79, Ao)| < 00,

and if X # Ao then
El (70, )] > E [l (70, Ao)] -

Proof. FE |l; (4, Ao)| < oo follows from Lemma B.2.

Following the steps from Section 3 in Comte and Lieberman (2003), suppose A # A\ and
let {e; :i=1,..,d} be the (positive) eigenvalues of H, (74, \o) H; * (7o, A) for a fixed t.
Note that

tr {XtXé [Ht_l (Y0 A) — Ht_l (Vo> )\0)] }
= o { [ (0, 20) H (70, A) H, ™ (0, 00) = 1| 221}

By the law of iterated expectations and since Z; is independent of ;1 = o (X;—1, Xi—2,.),

B (o { XX [H7 (0, ) = H (o M) }) = B (b [ (0, 20) By (0, 0) H) (0 00) = L] })
= B (tr {[H: (30, 20) H (70, 0) — 1] })

Z (eir — 1)]

1=1

= b
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Moreover,

d
log det [Hy (79, A) Hy ' (79, X0)] = —logdet [Hy (o, Ao) H; ' (70, N)] = — logH et

i=1
d
= —g log ;4.
i=1
Hence

E [lt (’707 )‘)] ) [lt (707 )‘0)] =LK {log det [Ht (707 )‘) Htil (707 )‘0)} }

(1 (XX, [H (o) = 7 (o) (0 A) = Hy (700 00)] )
d

Z (e — 1 —logey)

=1

= K >0

as logx < o — 1 for all z > 0. Since logz = x — 1 if and only if z = 1, the inequality
is strict unless e; = 1 for all ¢ almost surely. e; = 1 for all i almost surely is equiv-
alent to H; (79, A) = H; (79, o) almost surely, but this cannot be the case in light of
Assumption 4.3. Hence the inequality must be strict, and we conclude that if A # )y then

El; (70, N)] > E [l (70, Xo)]- =

B.2 Lemmas for the proof of asymptotic normality

In the following we will make use of matrix differentials and apply the following notation:

Let f; be a function of the non-stochastic matrices A and B. Then d{f; (Ao, By),dA}

denotes the first-order differential of f; in the direction dA and evaluated at (Ao, By).
Let 0;, i = 1,...,3d?, denote the i element of 6. Let Hy; := H; (74, Ao)-

82 lt (’Y?A)
0,00,

Lemma B.5 Under Assumptions 4.1-4.5 E [sup9€@ ‘

} < oo foralli,j=1,...,3d°

Proof. Notice that

82lt (’ya )‘) — tr (Ht_l (’7, /\) OQHt (’77 )‘)) —tr (Ht_l (,% )\) aHt (77 )‘) Ht_l ('7, /\) aHt (7? )‘)>

H H,

cote (H (4 0) X H () PHLON) oy OHL (0 A)

- - 82H (77 )‘)
—tr (Ht Hn ) X XPHT () W) : (B.19)
By (B.17), Minkowski’s inequality, and Assumption 4.4,
3
 (sup 1 (o0l ) < K (B.20)
0cO

Moreover, using Minkowski’s inequality repeatedly (see also Hafner and Preminger, 2009b,
Proof of Lemma 3), and Assumption 4.4 one can show that

E (sup
C)

3
) < K and F (sup

3
) <K (B.21)
0cO®

a]—It (77 /\)
00;

82]—It (r% /\>
00,00
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By (B.1), (B.12), Holder’s inequality, and (B.21),

_ _,0H, | 0H,
s [328 " (Hf XX g aef) H
1/3 371/3
8Ht )3 < 8Ht > 611/3
< K |E|(supl||— E | su E|X
= (ee@p a0, ve || 00, BIXI]
< K.
By similar arguments we conclude that F [sup(;e@ )8;?_((.;2)_‘) ] < oo for all i = 1,...,3d?

and, j=1,...,3d>. m

Lemma B.6 Under Assumptions 4.1-4.5 supgceo )62;6?53,‘,\) —F <823§§9’5)>
7 J 3 J
i,j=1,..3d.

Proof. Notice that 8;3((;(;’,\) is a function of (X, X:—1..) and 6 and thereby strictly sta-
1005
tionary and ergodic. Hence the result follows by Lemma B.5 and the Uniform Law of

Large Numbers for stationary ergodic processes, see Theorem A.2.2 of White (1994). m
Lemma B.7 Under Assumptions 4.1-4.5 Jo stated in (A.10) is non-singular.

Proof. We prove this lemma arguing in line with the proof of Theorem 3.2 in Francq and
Zakotan (2010), see also p.77-78 in Comte and Lieberman (2003). By definition

82[15 (707/\0)
— | e 70/
Jo l NN ] ’
with 8af\t(a,\ ) given by (B.19). Hence, with F,_; := o (X,_1, Xia,.)
9?1 (79, Ao) 10Hy 1 OHy,
E|—— | Fio = H, Hg, B.22
{ ONON; Fe 1} ( L) VI )Y > (B-22)

= W,

where

3 ®2 H,
hyi = <H0t1/2> ki, and ky; = vec (%/\g) :

noting that 8H°t is symmetric. We now define the d x 2d* matrices

ht = (htl cee Eht2d2> and k?t = (ktl cee Skt2d2) .

®2
Let H, = (H&l/ 2) , and that hy = H;k, and Jy = E [h}h]. Suppose Jy is singular. Then

there exists a non-zero ¢ € R2% such that ¢Jyc = E [d'hihic] = 0. As ¢hihye > 0, then
almost surely
chihie = ki H ke = 0.
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Since H? is positive definite a.s.,

d2

0
kic = Z cl-avec (Ho;) =0 a.s. for all t.
i=1 v

Let w = (I;2 — A®? — B®2) v, then (B.23) gives

242
& + Avec (Xt_lXt'_l) + Bvec (Hoi—1) + B®? Z Cigyvee (Hopi—1) =0 as.

i=1 v

where
2d? a2 2d2
0 ~ 0 0
W= C; —w , A= G A®? , B= & B®?

By (B.23), (B.24) reduces to

& + Avec (X1 X[_y) + Bvec (Hy_1) =0 as.

Subtracting (B.25) from vec(Hy;) yields

(B.23)

(B.24)

(B.25)

vec (Hyy) = (wo — @) + (Af?z - fT) vec (Xi—1X[_,) + (ng - é) vec (Hoi_1) -

Since ¢ # 0, we have found another representation of vec(Hy:), which contradicts As-
sumption 4.3 that ensures that vec(Hp;) has a unique representation. Hence .Jy must be

non-singular. m

Lemma B.8 Under Assumptions 4.1-4.5, as T — 00,

~ T

— 1

VT <’§ZTT<%,§Z?) = 5 DY M) vee (22, ~ 1) + 0 (1)
t=1

)
where B
(== ) ()
— N
’ —1/2)®2
Y (g he) = | |2 (B8 Meas (0 0) (1) |
— 1= i ,
=S (B T ()| (57)
L =0 |
with
and

My (7, ) = [({BH, (v, 2) =TI} @ Io) + (Ia @ {B[H (7, A) = T1}) Kaa] .
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Proof. The first-order differential of the log-likelihood contribution at time ¢ with respect
to A and evaluated in (7,, \o) is given by

A{s (o, M) A} = tr { Ho,'"* [d {H (70, Mo) . dAY] Hy,' '}
=t { Hy X0 X[ Ho* Ho, 2 [0 {H (0, M) dAY] Hy, 2 |
— tr {HO;”2 [d {H, (79, No) , dAY] ‘1/2}
—tr{ZtZ Hy 2 [d {H, (7, o) » dAY] ‘1/2}
= vec(ly — Z,7!)' (H(;I/ 2) vee [d {H, (79, Mo) , dAY].
Likewise,
a{l (0, Xo) ,dB} = vee(ly — Z.Z]) (Hy,'"?) “vecd {H, (70, M), dBY].
Notice that
H(v,A\)=T+A(X;_1 X, ,—T)A' = B[H1(y,\) —T] B.

The first-order differential of H; (v, A) with respect to A is

d{H; (7,\),dA} = (dA) (X421 X]_; —T) A+A (Xe21 X, — 1) (dA)+B[d{H;_1 (7, \) ,dA}| B’

implying directly

vec [d{H; (y,\),dA}] (B.30)
= vec [(dA) (X4 X[, —T) A+ A(X,_1X[_, = T) (dA)'] + B®*vec[d{H,-1 (7, \) ,dA}].

We note that

vec [(dA) (X1 X]_; —T) A+ A (X1 X, —T) (dA)']

= vec [(dA) (X—1X,_; — T)A'] + vec [A(X;—1 X]_, — I)(dA)']

= {[A(Xi1 X[, —T)] ® L} vec(dA) + {14 ® [A (X;21 X | —T)] } vec(dA')

= {[A (Xs21 X[, = T)] ® I} vec(dA) + {I; ® [A (X4-1X]_, = T)]} Kaavec(dA)
{[AXX{ D) @ Li} + {La® [A(Xm1 X[ —T)] } Kaa) vec(dA).

With M; (v, A) defined in (B.28), recursions yield

vee[d {Hy (7, X),dAY] = 3 (B®?)' My_1_; (7, ) vec(dA).
=0
We conclude that
®2 i ;
Al (0, No) , dA} = vee(Z,Z] — L)' (Hy'?) [—Z (BF?)' Mi-1-i (v, Mo) | vec(dA).
=0

Identifying the Jacobian from the first-order differential, see e.g. Magnus and Neudecker
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(2007, p. 199), we find that the score of the log-likelihood function with respect to vec(A)
and evaluated at 6 = 6, is given by

o0

!/
oL )\ RS —1/2)®?
T (Yo, M) _ Z (B2’ ‘M, (%,)\0)] (H0t1/2) vec(Z:Zy — 1y).
=0

Ovec(A

t=1 7

By similar arguments

o0

/
OLr (79, M) 1 —1/2) %
T (Yo, 0 _ Z (BE?)' ‘M, (70,)\0)] (H0t1/2> vec(ZyZy — 1),
=0

Ovec(B T

t=1

7

with M, (7, A) defined in (B.29).

Consider the sample covariance matrix on vec form:

Sop = & Z ( 1/2> vec (Z,Z) — 1) + vec < ZHOt) . (B.31)

Moreover,

T
1 1
( E H()t) [dz Ag@2 — 3?2] Yo + A?zvec (f tE 1 Xt1X£_1> + B(S@ZVGC (? E H0t1>

t=1

T T
1 1
= [Id2 — Agﬂ — B((J@Z] Yo + A?QVGC (T ;XtXé> + B(()X)QVGC (T ; HOt)
1 1
+ A?Q?vec (Xo X — X7 XF) + B(??Tvec (Hoo — Hor)
and collecting terms
1 Z
—1 -1 ~
ec (f Z Hm) = [Ie—B5?|  [le — A5 — B 7o+ [Le — BY?]  AF3yr  (B.32)

_ 1 1
+[1p — BS? ™ {Ag‘f??vee (Xo Xy — Xr X)) + Bgﬁfvec (Hoo — Hor)

Notice that (I;2 — BY?) is invertible since p(B$?) < 1, as already mentioned in the proof
of Lemma B.1. Next, inserting (B.31) in (B.32) and isolating 7y, yields

N

1
[l — AS? — B$* Avr = [le — BY] Z ( 1/2) vec (Z,Z, — Iy) + [1pp — AS* — B$?] ~

t=1

1
+ |:A6®2TVGC (X()X(I) — XTXr}) + BSKQ?VGC (H()g — HOT) .
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Hence

~

1
Jvr =7 = [e—AF = B§? ' [le - B§®] §j(1”)~mdzz—Lo

t=1

_ 1
+ [[dQ — A?Q — B?z} ! {A?vaec (X()Xé — XTXCIF) + ngfvec (HOO — HOT)

For any ¢ > 0, by Markov’s inequality,
P (' A®2LVGC (X()X, — XTX, ) + B®2LV6C (HOO — HOT)
0 \/T 0 T 0 \/T

as T' — oo, which yields

) < KL KX,

1
Fvr=0 = [le — AT = B ™ [le = BEY) 723 ( 1/2> vec (2,7} — I)+op (T™12) .
t=1
(B.33)
We conclude that (B.26) holds. m
Lemma B.9 Under Assumptions 4.1-4.5
E|[Y; (70, ho) vee (Z:Z{ — La)||* < oo,
where Yy (g, Ao)is given by (B.27).
Proof. By definition
(10— 42— 552} (1)
_i(B®2>zM ( \ )_l <H1/2>®2
Y (70, Ao) = — 0 t—1—i (Y0, Ao ot
= - 37/
0o i~ B ®2
N Z (3892) Mi—1-i (70, Ao) (H t1/2>
L =0 i
Define
€t 1= vec (ZtZtI - [d) ) 7754 = Z (B[()®2)Z Mtflfi (707 AO)] ; 771{\4 = [_ Z (B(?Q)z ]/\\J/tflfi (707 )\0) )
i=0 i=0
and observe that
At Bt Ct
Yi (0 No) vee (Z,Z] — 1g) [vec (Z:Z; — 12)] Yi (0, M) = | B Di &
C, & G
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where
At = []dZ A®2 B®2]_1<
_ ®2 ®2
B, = [Le—AF— B3 (M) =e) (Mo ),

Ct — [Id2 A®2 B®2] -

G = 77?4/

®2 ®2
D = " (Hy') el (Hy ),
3 ®2 B ®2 —~
& = 7754/ <H0t1/2> 5156:% (H0t1/2> 77?47

Hence Y; (¢, Ao)vec(Z: Z] — 1) is square-integrable if F' || A4;|| < K, F ||B:|| < K, E||C]| <
K, E|D| <K, E|&| < K, and E[|G]| < K
Using Minkowski’s inequality,

E|n||” < {i ¢ (K +KE thuﬁ)”?’} <K (B.34)

=1

Likewise, by Minkowski’s inequality and (B.20)

E’m

0o 3
1=1

We note that

®2||2
plal < K| (7)) £la?

by the independence between Z; and W,;_,. Moreover,

ey -7

®2
i {(H1/2> (113?) } ‘ — Bt (Hy) < KE | Hul? < K.

by (B.6) and (B.20). Moreover,
Elal® < ElZ|* + K < K,

as E|Z,|' < KE||X,||*. Hence F || A|| < K. Next,

pisl < s ()| () 7| e
e
Note that
()| = Vo G 1) = o 1) < o 1) <
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by (B.6) and (B.12). Hence by Holder’s inequality and (B.34)
[l ||}
1/2
®2]|2 9y 1/2
el e

By similar arguments E ||C;|| < K, E|Dy|| < K, E||&] < K, and E||G|| < K. =

EIB| < KE [H %)

IN

Lemma B.10 Under Assumptions 4.1-4.5, as T — oo

T
D
TZ 2 (Y0, Xo) vee (Z,Z1 — I;) = N (0,9), (B.35)

where
Qo = E{Y; (79, Mo) vee (Z:.Z] — 1) [vee (Z:Z] — 12)] Vs (70, M)} (B.36)
and Y: (7o, Mo) is given by (B.27)

Proof. Let F, = o (W, W;_4,...) with W, = [vech (Ho)', Xﬂl, see Theorem 2.1. Since

Yi(6p) is F;_1-measurable and vec(Z, Z, — I;) and F,_; are independent, {Y; (7o, Ao) vec (Z,Z, — 1) , Fi}
is an ergodic martingale difference sequence. Moreover, from Lemma B.9 the sequence

is square-integrable, and the regularity conditions of Brown (1971) are satisfied by the

ergodic theorem, which establishes (B.35). m

Lemma B.11 Under Assumptions 4.1-4.5, as T — oo,

Lt (yg, ho)  OL 20) ]| as.
[ st -
fori=1,...,2d? and
82LT (’77 /\) azLTh (77 )‘) a.s.
_ 0L, B.
b | 00,00, 00,00, | " (B.38)

fori,j=1,..,3d>"

Proof. We have that
‘ {8[15 (0, 20) — 9lin (0, /\0)} ‘

O\ o\
—19H (79, 20)  OHin (Y0, o) 4,
- ‘tr{HOtl o
0H, J A 0H, ;A _ _
+ {HOt hXtXtHO_t . tha():yo 0) t (P)/U 0) H()thtXtHOtl }‘
< K ||vec aHt,h (’Yoa)\o) 3Ht ’Yo,)\o
o\
4 OH, ), (707)‘()) aHt %7)\0)
+K || X; ec [ o, TN, .
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If i = 1,...,d* (corresponding to the elements of A) using (B.14) repeatedly

ach ’Yoa )\0) OH; (7o, )\0)
O\

(B(()@2> vec [HOO,h - Hgo]}H

aA,-
o[
< K¢,

since ||vec [Hoo,, — Hool|| and Hvec [W} H can be treated as constants, as they do

not depend on t. Hence

[osg St o
and
L L 3
g s - g 2]
T
< TZ ¢ 11"
Since

T

: 4
%EEOZIE [Ke'[|1X,]'] < K
t—
it follows by Theorem 9.2 of Jacod and Protter (2003) that
T

> K6 IX" = Ous (1),
t=1

Similarly, if i = d® + 1, ..., 2d* (corresponding to the elements of B),

Al (g, Ao) B Ol (795 Ao)

} ‘ < K (16 4+ ¢") (L+ 1Y),
and

OL7 (74, No) B OLr1 (7o, Ao)

3=

O\

t=1

i [alt Yo: o) Ao (Yo %)} ‘

IN
\

T
fZ (to"" +¢") (1+ I1X:]")

and we conclude that (B.37) holds.
Next, we turn to (B.38) which we establish along the lines of the proof of Lemma 4
in Hafner and Preminger (2009a). From (B.19) and suppressing notation for parameter
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dependence, we have that

a2lt (77 )‘) . 82lt,h (77 )‘)
90,00, 90,00,
0H, 0%H, 0*H, OH, 0%H, 0*H,
. 1 t 17—1 t t,h r7—1 t,h 17—1 -1 t t,h r7—1
“{Hta@Hta@%j %ﬁ@ﬂﬁ/%jHﬁ} {Hta@%j 20,00, " }

OH, _,0H, OH OH,
+2tr{Ht‘1XtXt’Ht_1 aeth_l ae-t_ agtth;;XtX H! (‘%)thH }
7 7 7
?H,  0*Hy,
—trd HO' X X/H ' —— — — 1 H‘lXtX’H‘l}. (B.39)
{ t t+4t aelaej a‘gzaej t,h t* t,h

Observe that by (A.3)

vec [aHt (’77 )\) ach ’Ya } H

E sup
0cO

E sup
0co

00;

{(B®2)t vec [Hop — Ho (7, )\)]}H .

Hence by (B.21), Holder’s inequality and as Hy, is fixed, we get

E sup ||vec OH: (v, ) _ (9ch % = 0(¢'), i=1,..,2d% and (B.40)
0c6 00,

Esup vec |:8Hta(677 >\) ach 77 :| H O(t¢t71) ’ Z:2d2+1,,3d2(B41)
0o i

Likewise, using (A.3) as above

2

O*Hy (v, \) _ *Hip (v, ) t
E U _ N 9 — E B®2 H . H—
ilelg Vec{ 00,00, 00,00, } ggg 80,00, {( ) vec [Hop, 0 (7, )\)]} ,
and by (B.21) and Holder’s inequality
PHN  PHa N 2
E - ’ = =1,..,2 B.42
vew || | 06,08, a6 || =C @) hi=12 (B.42)
[0?H; (7, \)  PHyp (7, N)] o , ,
E - ’ = -1 =2d% +1, ...
oeo ||| | 00,00, 00,00, | O(t(t—1)¢""?%), i, j=2d"+1,...,3d
(B.43)
-a2Ht (’}/, )\) 82Ht h (’}/, )\)- -1 .
E Y. = h : B.44
21618 vec 90,06, 0.0, O (t¢'™"), otherwise (B.44)
Observe that
il t—1

vee[Hy (1,0] = 3 {(B%)' (I = A%2 = B¥%) 5} 4 3 (B9 A%%vee (X1 iX[,)

%

B®?)" vec (Ho ) - (B.45)

™

+

—~ ©
Il
o

)

By simple differentiation of (B.45) and using that Hy, is fixed, we conclude that

aHt,h (’77 )‘) H

E sup 20

0cO

<K. (B.46)
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Considering the last term in (B.39) and using Holder’s inequality, Assumption 4.4, and
(B.12),

_ . 0?H, O%H,, IRTEE
Poeg|” {Ht XX 5050, 98,00, HtvéXtXéﬂt,;i} (BAT)
2H, (v, \)  Hyp (v, A) [\ 14
< K|FE ’ o , ) ElX
a ( Elelg 00,00 ; 96,00, (BIXA%) ",

which is either O (¢") , O (¢ (t — 1) ¢"?), or O (t¢" ') in light of (B.42)-(B.44). By similar
arguments together with (B.40)-(B.41) and (B.46), it follows by the C, inequality (White,

1/4
2001, Proposition 3.8) that Esupyce ‘a;gi(gé;\) — 8252?;;;’\) is O (t2¢t). Next, by the

generalized Chebyshev inequality for any € > 0

- Pl (v, ) Pln (1, )) =1 Pl (1. ))  Plon (1, 1) [
P — ’ < —E _ ;
; (3‘;8 06,00, 26,00, |~ 5) = ; 17 | eb | a0, 06,00, =
so by the Borel-Cantelli lemma as t — oo
Pl (1,0 Plin (1, )] as
AV IR AA B Y B.4
beo | 00,00, 06,00, | " (B-48)

By (B.48) and Cesaro’s mean theorem we conclude that (B.38) holds. =

C Drift criteria for the BEKK-ARCH(1) model

In order to find conditions for which the BEKK-ARCH(1) model with Gaussian noise is
geometrically ergodic with high-order moments we will make use of the following lemmas.

Lemma C.1 (Bec and Rahbek, 2004, Proof of Theorem 1)
Let (X1);—o,,.. be a time-homogeneous Markov chain on the state space R? endowed with

gooe

the Borel o-algebra, BY. Assume that for all sets A € B and for some integer m > 1,
that the m-step transition density with respect to the Lebesgue measure f (-|-) as defined

by
P(X, € AlXp = 1) = / f () dy
A

is strictly positive and bounded on compact sets. Let v : R? — [1,00) be some drift
function. Assume there exists an integer k > 1, a compact set B C R? and constants
0<~vy<1, g>0 such that

Eo (Xegr) | Xe = 2] < v (2)

for x € B¢, while E [v(X¢yx) | Xt = 2] is bounded by g on B.
Then X, is geometrically ergodic and Xq can be given an initial distribution such that X;
is stationary. Moreover, all moments bounded by v (-) ezist.

Lemma C.2 (Corollary 1 (i)-(iii) in Ghazal (1996))
Let QQ = 2'Qx be a quadratic form where Q) is a d X d symmetric non-stochastic matrix
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and x is IIDN(0, 1;). Then

E (x'Qx)2 = 1 {Q} +2tr {Q*}
B0 = 0 {Q}+ 60 {0} ir {02} + 8t {07}
El@)'] = ' {Q}+ 12607 {Q} 0 {0} + 1262 {02} + 3260 {Q} tr {Q*} + 48tr {0} .

We are now able to prove the following theorem,

.....

and Z; IIDN(0, I;). Then X, is geometrically ergodic and the strictly stationary solution
has (i) E | X,|* < 0o if p(A® A) < 1, (ii) B|IX,]|" < 0 if p(A® A) < L ~ 05774,
(iii) B | X;|° < 00 if p(A® A) < 2 & 0.4055, and (iv) E | X;||* < 00 if p(A® A) <
105;1/4 ~ 0.3124.

Proof. Results (i) and (i) are established in Rahbek (2004), see also Rahbek, Hansen,
and Dennis (2002). Now consider (7i): Clearly X, is a Markov chain and, conditional
on X;_1, X; is Gaussian with mean zero and covariance H;. So indeed the one-step
(m = 1) transition density of X; conditional on X; ; is continuous in both X; and X, 4
and positive. Hence we can apply Lemma C.1. Define the drift function

v(z) =1+ (@z)’ =14 ||z]|® =1+t (z2').
Define Q, = C' + Axx’A’, then
EWX)|X;1=2)=1+E ((ngt)3 X, 1 = x) —1+E ((Z;tht)?’ X, 1 = x)

= 1+E [(Zt’Qth)?’] =1+ tr®{Q,} +6tr {Q,} tr {Q2} +8tr {Q2},

where the fourth equality follows by Lemma C.2. Ignoring terms of lower order than ||z|°,
the right-hand side equals 15 (2/ A’ Az)® .

Let L (R?) denote the space of linear mappings from R? — R?. For linear mappings ¢ :
L (]Rd) — L (Rd) we use the operator norm defined by

¢ ()]
9, == sup ————.
S T [P |
It holds that 1k
Jim ch'“Hop = p(9). (C.1)

Let X be a d x d matrix in L (Rd), and define the mapping ¢ = (A ® A) from L (Rd) —
L (]Rd) by
$(X)=(A®A)(X)=AXA".
We notice that ¢" (X) = A*XA¥ and Q, = Co+ ¢ (z2/).
Recursions give that E (v (Xyyx) | X = z), apart from the lower-order terms, equals

15F (x'Ak’Akx)S = (15k/3:v’Ak’Akw)3 = H (151/3)k ¢F (za")

"< s )| el
op
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In light of (C.1), by choosing k large enough, we have that the drift condition is satisfied,
if p (15'/3¢) < 1,which means that p (¢) = p (A ® A) < 1/15'/% ~ 0.4055.
Result (iv) follows by similar arguments. m

Remark C.1 Theorem C.1 can be adjusted in order to establish conditions on p (A ® A)
for bounding other higher-order moments of X,. If one seeks to verify that X; is geo-
metrically ergodic and E | X;||" < oo, n = 2k, k € N, one can define the drift function
v(z) =1+ (@'z)"* and use general results for n'*-order moments of quadratic forms, see

e.g. Corollary 2 of Bao and Ullah (2010).

References

Avarucct, M., E. BEUTNER, AND P. ZAFFARONI (2012): “On moment conditions for
quasi-maximum likelihood estimation of multivariate ARCH models,” Working Paper
DSS-E3 WP 2012/1, University of Rome La Sapienza, DSS Empirical Economics and
Econometrics, Forthcoming in Econometric Theory.

BAo, Y., axp A. ULLAH (2010): “Expectation of quadratic forms in normal and nonnor-
mal variables with applications,” Journal of Statistical Planning and Inference, 140(5),
1193 — 1205.

BAUWENS, L., S. LAURENT, anD J. V. K. RoMBoUTS (2006): “Multivariate GARCH
models: a survey,” Journal of Applied Econometrics, 21(1), 79-1009.

Bec, F., axp A. RAHBEK (2004): “Vector equilibrium correction models with non-linear
discontinuous adjustments,” Econometrics Journal, 7(2), 628-651.

BOLLERSLEV, T. (1987): “A Conditionally Heteroskedastic Time Series Model for Spec-
ulative Prices and Rates of Return,” The Review of Economics and Statistics, 69(3),
542-47.

BoussaMma, F., F. FucHs, anD R. STELZER (2011): “Stationarity and geometric ergod-
icity of BEKK multivariate GARCH models,” Stochastic Processes and their Applica-
tions, 121(10), 2331-2360.

Brown, B. (1971): “Martingale central limit theorems,” The Annals of Mathematical
Statistics, pp. 59-66.

CoMTE, F., AND O. LIEBERMAN (2003): “Asymptotic Theory For Multivariate GARCH
Processes,” Journal of Multivariate Analysis, 84, 61-84.

ENGLE, R., axD J. MEZRICH (1996): “GARCH for Groups,” Risk Magazine, 9, 36—40.

ENcLE, R. F.; anp K. F. KRONER (1995): “Multivariate Simultaneous Generalized
ARCH,” Econometric Theory, 11(01), 122-150.

Francq, C., L. HORVATH, anD J.-M. ZAKOIAN (2011): “Merits and Drawbacks of
Variance Targeting in GARCH Models,” Journal of Financial Econometrics, 9(4), 619—
656.

32



Francq, C., anDp J.-M. ZAKOIAN (2010): “QML estimation of a class of multivariate
GARCH models without moment conditions on the observed process,” MPRA Paper
20779, University Library of Munich, Germany.

(2012): “Strict Stationarity Testing and Estimation of Explosive and Station-
ary Generalized Autoregressive Conditional Heteroscedasticity Models,” FEconometrica,
80(2), 821-861.

GHAZAL, G. (1996): “Recurrence formula for expectations of products of quadratic
forms,” Statistics and Probability Letters, 27(2), 101 — 109.

HAFNER, C. M., AND A. PREMINGER (2009a): “Asymptotic Theory for a Factor GARCH
Model,” Econometric Theory, 25(02), 336-363.

(2009b): “On asymptotic theory for multivariate GARCH models,” Journal of
Multivariate Analysis, 100(9), 2044 — 2054.

JACOD, J., AND P. PROTTER (2003): Probability Essentials, Universitext. Springer Berlin
Heidelberg, 2nd edn.

JENSEN, S. R. T., aND A. RAHBEK (2004): “Asymptotic Inference for Nonstationary
GARCH,” Econometric Theory, 20, 1203-1226.

LAURENT, S., J. V. K. RomMmBoUTS, AND F. VIOLANTE (2012): “On the forecasting

accuracy of multivariate GARCH models,” Journal of Applied Econometrics, 27(6),
934-955.

LuTkEPOHL, H. (1996): Handbook of Matrices. John Wiley & Sons.

MacnNus, J. R., axp H. NEUDECKER (2007): Matriz differential calculus with applica-
tions in statistics and econometrics. John Wiley & Sons, 3rd edn.

NEwEY, W. K., AxpD D. MCFADDEN (1994): “Large sample estimation and hypothesis
testing,” in Handbook of Econometrics, ed. by R. F. Engle, and D. McFadden, vol. 4 of
Handbook of Econometrics, chap. 36, pp. 2111-2245. Elsevier.

NOURELDIN, D., N. SHEPHARD, aND K. SHEPPARD (2012): “Multivariate Rotated
ARCH Models,” Nuffield College Economics Working Paper 2012-WO01, Economics
Group, Nuffield College, University of Oxford.

RAHBEK, A. (2004): “Stochastic properties of multivariate time series equations with
emphasis on ARCH,” System Identification 2003, pp. 227-232.

RAHBEK, A., E. HANSEN, anD J. DENNIS (2002): “ARCH Innovations and their Impact
on Cointegration Rank Testing,” Discussion Paper 22, Department of Statistics and
Operations Research, University of Copenhagen.

SILVENNOINEN, A., aND T. TERASVIRTA (2009): “Multivariate GARCH Models,” in
Handbook of Financial Time Series, ed. by T. Mikosch, J.-P. Kreif}, R. A. Davis, and
T. G. Andersen, pp. 201-229. Springer Berlin Heidelberg.

WHITE, H. (1994): Estimation, Inference and Specification Analysis. Cambridge Univer-
sity Press, New York, NY.

33



(2001): Asymptotic Theory for Econometricians (Revised Edition). Academic
Press.

34



2012

2012-37:

2012-38:

2012-39:
2012-40:
2012-41:
2012-42:
2012-43:
2012-44:
2012-45:
2012-46:
2012-47:

2012-48:

2012-49:
2012-50:
2012-51:

2012-52:

2012-53:

Research Papers mc R EAT E S

Center for Research in Econometric
Analysis of Time Series

Marcelo C. Medeiros and Eduardo F. Mendes: Estimating High-Dimensional
Time Series Models

Anders Bredahl Kock and Laurent A.F. Callot: Oracle Efficient Estimation and
Forecasting with the Adaptive LASSO and the Adaptive Group LASSO in
Vector Autoregressions

H. Peter Boswijk, Michael Jansson and Morten @rregaard Nielsen: Improved
Likelihood Ratio Tests for Cointegration Rank in the VAR Model

Mark Podolskij, Christian Schmidt and Johanna Fasciati Ziegel: Limit
theorems for non-degenerate U-statistics of continuous semimartingales

Eric Hillebrand, Tae-Hwy Lee and Marcelo C. Medeiros: Let's Do It Again:
Bagging Equity Premium Predictors

Stig V. Meller and Jesper Rangvid: End-of-the-year economic growth and
time-varying expected returns

Peter Reinhard Hansen and Allan Timmermann: Choice of Sample Split in
Out-of-Sample Forecast Evaluation

Peter Reinhard Hansen and Zhuo Huang: Exponential GARCH Modeling with
Realized Measures of Volatility Statistics

Peter Reinhard Hansen and Allan Timmermann: Equivalence Between Out-of-
Sample Forecast Comparisons and Wald

Seren Johansen, Marco Riani and Anthony C. Atkinson: The Selection of
ARIMA Models with or without Regressors

Seren Johansen and Morten @rregaard Nielsen: The role of initial values in
nonstationary fractional time series models

Peter Christoffersen, Vihang Errunza, Kris Jacobs and Hugues Langlois: Is the
Potential for International Diversi...cation Disappearing? A Dynamic Copula
Approach

Peter Christoffersen, Christian Dorion , Kris Jacobs and Lotfi Karoui:
Nonlinear Kalman Filtering in Affine Term Structure Models

Peter Christoffersen, Kris Jacobs and Chayawat Ornthanalai: GARCH Option
Valuation: Theory and Evidence

Tim Bollerslev, Lai Xu and Hao Zhou: Stock Return and Cash Flow
Predictability: The Role of Volatility Risk

José Manuel Corcuera, Emil Hedevang, Mikko S. Pakkanen and Mark
Podolskij: Asymptotic theory for Brownian semi-stationary processes with
application to turbulence

Rasmus Sgndergaard Pedersen and Anders Rahbek: Multivariate Variance
Targeting in the BEKK-GARCH Model



