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STABLE LIMITS OF MARTINGALE TRANSFORMS WITH
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In this paper we study the asymptotic behavior of the Gaussian quasi
maximum likelihood estimator of a stationary GARCH process with heavy-
tailed innovations. This means that the innovations are regularly varying with
index « € (2, 4). Then, in particular, the marginal distribution of the GARCH
process has infinite fourth moment and standard asymptotic theory with nor-
mal limits and /n-rates breaks down. This was recently observed by Hall and
Yao [Econometrica 71 (2003) 285-317]. It is the aim of this paper to indicate
that the limit theory for the parameter estimators in the heavy-tailed case nev-
ertheless very much parallels the normal asymptotic theory. In the light-tailed
case, the limit theory is based on the CLT for stationary ergodic finite vari-
ance martingale difference sequences. In the heavy-tailed case such a general
result does not exist, but an analogous result with infinite variance stable lim-
its can be shown to hold under certain mixing conditions which are satisfied
for GARCH processes. It is the aim of the paper to give a general structural
result for infinite variance limits which can also be applied in situations more
general than GARCH.

1. Introduction. The motivation for writing this paper comes from Gaussian
quasi maximum likelihood estimation (QMLE) for GARCH (generalized autore-
gressive conditionally heteroscedastic) processes with regularly varying noise; we
refer to Section 4 for a detailed description of the problem. Recall that the process

p q
(11) X[=U[Zt Wlth(ft2=Olo+ZOt,Xt2_l—f—Z,B,G,Z_],tEZ,
i=1 j=1

is said to be a GARCH(p, g) process [GARCH process of order (p, q)]. Here
(Z;) is an i.i.d. sequence with EZ?=1and EZ; =0, and o;, B are nonnegative
constants. GARCH processes and their parameter estimation have been intensively
investigated over the last few years; see [19] for a general overview and [28] and
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the references therein for parameter estimation in GARCH and related models.
In the context of QMLE, the asymptotic behavior of the parameter estimator is
essentially determined by the limiting behavior of the quantity [see (4.13)]
1 & A (80)
Ly0) =23 =5 (Zi =),

t=1 t

where L), is the derivative of the underlying log-likelihood, /; is the derivative of
0,2 when considered as a function of the parameter 6, and 6 is the true parameter
(consisting of the o; and B; values) in a certain parameter space. In this context,
h,(0
Gt = t( 0), t e Z,

2
O;

is a stationary ergodic sequence of vector-valued random variables which is
adapted to the filtration ¥ = o (Y;—1, Y;—2,...), t € Z, where Y; = th — 1 consti-
tutes an i.i.d. sequence.

If G; has a finite first moment, the sequence (G;Y;) is a transform of the mar-
tingale difference sequence (Y;), hence, a stationary ergodic martingale difference
sequence with respect to (%;). If E|G{|?> < oo and EY 12 < 00, an application of
the central limit theorem (CLT) for finite variance stationary ergodic martingale
differences (see [4], Theorem 23.1) yields

n
236Gy, S N, ),
t=1
where X is the covariance matrix of G1Y. This result does not require any addi-
tional information about the dependence structure of (G;Y;). It implies the asymp-
totic normality of the parameter estimator based on QMLE.

If EY 12 = 00, a result as general as the CLT for stationary ergodic martingale
differences is not known. However, some limit results for stationary sequences
with marginal distribution in the domain of attraction of an infinite variance stable
distribution exist. We recall two of them in Section 2. Our interest in infinite vari-
ance stable limit distributions for )}, G;Y; is again closely related to parameter
estimation for GARCH processes. Recently, Hall and Yao [16] gave the asymp-
totic theory for QMLE in GARCH models when E Zi‘ = 00. To be more specific,
they assume regular variation with index o« € (1, 2) for the distribution of Z 12 Itis
our aim to show that their results can be obtained by a general limit result for the
martingale transforms ) 7', G;Y; when the i.i.d. noise (Y;) is regularly varying
with index « € (1, 2). The key notions in this context are regular variation of the
finite-dimensional distributions of (G,Y;) and strong mixing of this sequence; see
Section 2 for these notions.

Our objective is twofold. First, we want to show that the theories on parameter
estimation for GARCH processes with heavy- or light-tailed innovations (Z;) par-
allel each other. We use the recent structural approach to GARCH estimation by
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Berkes et al. [3] in order to show that such a unified approach is possible. Second,
our approach to the asymptotic theory for parameter estimators is not restricted
to GARCH processes. In the light-tailed case, Straumann and Mikosch [28] ex-
tended the approach by Berkes et al. [3], including among others AGARCH and
EGARCH processes. The main difficulty of our approach when infinite variance
limits occur is the verification of certain mixing conditions. In contrast to the case
of asymptotic normality, such conditions cannot be avoided. However, it is difficult
to check for a given model that these conditions hold; see Section 4.4 in order to
get a flavor of the task to be solved.

GARCH processes and their parameter estimation give the motivation for this
paper. The corresponding limit theory for the QMLE with heavy-tailed innova-
tions can be found in Section 4. Our main tool for achieving these limit results is
based on asymptotic theory for martingale transforms with infinite variance stable
limits. This theory is formulated and proved in Section 3. It is based on more gen-
eral results for sums of stationary mixing vector sequences with regularly varying
finite-dimensional distributions. This theory is outlined in Section 2.

2. Preliminaries. In this section we collect some basic tools and notions to
be used throughout this paper. First we want to formulate a classical result on infi-
nite variance stable limits for i.i.d. vector-valued summands due to RvacCeva [25].
Before we formulate this result, we recall the notions of stable random vector and
multivariate regular variation. The class of stable random vectors coincides with
the class of possible limit distributions for sums of i.i.d. random vectors, and mul-
tivariate regular variation is the domain of attraction condition for sums of i.i.d.
random vectors. Then we continue with an analog of Rvaceva’s result for station-
ary ergodic vector sequences. In this context, we also need to recall some mixing
conditions.

Stable random vectors. Recall that a vector X with values in R¢ is said to be
a-stable for some « € (0, 2) if its characteristic function is given by
Eei (X,X)

exp{—/sd1 |(x, y)%(1 — i sign((x, y)) tan(r e /2))
(2.1 xF(dy)+i(x,u)}, a#1,

expl~ [, 106.9)1(1+ = signx. ) log | x. )1

xI‘(dy)—l—i(x,;L)}, a=1,

where (X,y) denotes the usual inner product in R4 and | - | the Euclidean norm;
see [27], Theorem 2.3.1. The index of stability o € (0, 2), the spectral measure
I" on the unit sphere S?~! and the location parameter g uniquely determine the
distribution of an infinite variance «-stable random vector X.
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Multivariate regular variation. 1If X is «-stable for some « € (0, 2), it is regu-
larly varying with index «. This means the following. The random vector X with
values in R? is regularly varying with index o > 0 if there exists a random vector
© with values in the unit sphere SY~! of R? such that for any > 0, as x — o0,

P(X|>tx,Xe€")

(2.2) P(X[ =) -1 *POe.),

where for any vector x # 0,
x =x/|x|,

and = denotes vague convergence in the Borel o-field of S?~!; see [22, 23] for
its definition and details. The distribution of @ is called the spectral measure of X.
Alternatively, (2.2) is equivalent to

P(XGx) v
5
P(IX] > x)

(2.3) ,
where — denotes vague convergence in the Borel o-field of R4 \ {0} and pu is
a measure on the same o-field satisfying the homogeneity assumption p(tA) =
t~*u(A) fort > 0.

REMARK 2.1. The property of regular variation of X with index o does not
depend on the chosen norm. However, the spectral measure (the unit spheres S¢~!
depend on the norm) and the limiting measure p can be different for distinct norms.
The asymptotic theory of this paper does not depend on the particular choice of
the norm | - |. Unless specified otherwise, we will, however, assume that | - | is the
Euclidean norm.

To give some intuition on regular variation of a vector X, we mention some
immediate consequences of the definition. Regular variation of X implies that |X]
is regularly varying: P(X]| > x) = L(x)x~%, where L(x) is slowly varying in the
sense that L(cx)/L(x) — 1 as x — oo, for every ¢ > 0. This property follows
by plugging the set SY~! into (2.2). Moreover, relation (2.3) implies that every
linear combination (a, X), a # 0, of the components of X is regularly varying
with the same index «. This follows by plugging the d-dimensional halfspace {x €
R?: (a,x) > 1} into (2.3).

Definition (2.2) has an equivalent sequential analog in the following sense.
Choosing any sequence a, — oo such that

2.4) nP(X|>a,) — 1,
(2.2) is equivalent to
(2.5) nP(|X] >tan,)~(€S)—>t_°‘P(®eS), t>0,
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for all Borel sets § C S“~! with P(® € 3S) = 0. By an application of Poisson’s
limit theorem, the latter relation implies for an i.i.d. sequence (X;) with the same
marginal distribution as X that the binomial random variable

Ny ((2,00) x S)
(2.6)

" _ ~ . d
=Y Iy.oopxs((ay Xl X)) > N((t, 00) x S),
i=1

where the limiting variable is Poisson with parameter t~* P(@® € S) and /4 de-
notes the indicator function of A. This binomial variable counts those exceedances
of the scaled lengths a, Xyl ..., a, 11X, | of the vectors X; above the thresh-
old ¢ for which the angles of the X;’s fall into the set S. The distributional con-
vergence (2.6) can be extended to the weak convergence of the underlying point
processes N, toward a Poisson process N on R¥ \ {0}, i being its mean measure;
we omit the details and refer again to the mentioned literature [22, 23]. However,
the limit relation (2.6) already explains to some extent what the spectral measure
describes (in an asymptotic sense): it gives the likelihood that the angles of the
i.i.d. regularly varying vectors X1, ..., X, “far away from the origin” fall into a
specified set S.

The Poisson convergence result (2.6) also tells us what “far away from the ori-
gin” means: the scaling a, of the X;’s has to be chosen according to the condi-
tion (2.4). We see in the sequel that this condition will appear in various disguises.
Finally, we mention that (2.3) can be written in equivalent sequential form with
(ay,) satisfying (2.4) as

nP(a;lX €-) Y w(-).

Stable limits for sums of i.i.d. random vectors. Now let (Y;) be an i.i.d. se-
quence of random vectors with values in R4, According to Rvaceva [25], there
exist sequences of constants a, > 0 and b, € R4 such that

n
a;' Y, —b, %X,
=1
for some a-stable random variable X, with @ € (0, 2) if and only if Y| is regularly
varying with index «, and the normalizing constants a,, can be chosen as

.7 P(Y|>ap) ~n"\.

Notice that (2.7) is directly comparable with condition (2.4), which appears in the
sequential definition of regular variation.

For a stationary sequence (Y;), a similar result can be found in [13] as a multi-
variate extension of one-dimensional results in [12]. For its formulation one needs
regular variation of the summands and a particular mixing condition, called 4 (a;,),
which was introduced in [12].
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Mixing conditions. We say that the condition A(a,) holds for the stationary
sequence (Y;) of random vectors with values in R? if there exists a sequence of
positive integers r, such that r,, — oo, k, =[n/r,] — 00 as n — oo and

n n kn
Eexp{—Z f(Y,/an)} — (E exp{—Z f(Yf/a,»}) — 0,

=1 t=1

(2.8)
n— o0, Vfeqy,

where G, is the collection of bounded nonnegative step functions on R? \ {0}. The
convergence in (2.8) is not required to be uniform in f. This is indeed a very
weak condition and is implied by many known mixing conditions, in particular,
the strong mixing condition which is relevant in the context of GARCH processes;
see Section 4. We refer to [13] for a comparison of +A(a,) with other mixing con-
ditions.

For later use we also recall the definition of a strongly mixing stationary se-
quence (Y;) of random vectors with rate function (¢r) (see [24], cf. [14] or [17]):

sup |[P(ANB)— P(A)P(B)|=:¢;r —> 0 as k — oo.
A€o (Y,5<0),Beo (Ys,s>k)
If (¢r) decays to zero at an exponential rate, then (Y;) is said to be strongly mixing
with geometric rate. In Section 4.4 we use a more stringent notion of mixing,
called B-mixing or absolute regularity. It implies strong mixing with the same rate
function.

Stable limits for sums of stationary random variables. The following result is a
combination of Theorem 2.8 and Proposition 3.3 in [13]. It gives conditions under
which an «-stable weak limit occurs for the sum process of a stationary sequence.
In what follows we write

So=0 and S,=Y;+---4+Y,, n>1,

and for any Borel set B C R,

.....

where
n
s =Y v"15(1v " jan),  n=1.
=1

THEOREM 2.2. Let (Y;) be a strictly stationary sequence of random vectors
with values in R and the real sequence (ay) be defined by (2.7). Assume that the
following conditions are satisfied:
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(a) The finite-dimensional distributions of (Yy) are regularly varying with index
a > 0. To be specific, let vec(0 g e, 0,({]{)) be the 2k + 1)d-dimensional ran-
dom row vector with values in the unit sphere SC*+tV4=1 that appears in the
definition (2.2) of regular variation of vec(Y_y, ..., Yi), k > 0, with respect
10 the max-norm | - | in RGk+Dd

(b) The mixing condition A(ay) holds for (Y;).

(c)

(2.9) 11m lim supP( \/ Y| > a,y

k=00 n—o0 k<lt|<ry

1Yol >any> =0, y >0,

where (r,) appears in the formulation of A(ay).

Then the limit
o ®) | ®) o k) |
(2.10) y_klggoE<|00 - v l|0 |> JE8|"

exists. If y > 0, then the following results hold:
(1) Ifa € (0,1), then

_ d
a, 1S,1 — Xy,

for some a-stable random vector X .
(1) Ifa €[1,2), and forall § >0

(2.11) hm hmsup P(IS, (0, y] — ES, (0, y1| > 8a,) =0,

n—oo

then
a7 (S, — ES,(0, 11) % X,

for some a-stable random vector X .

REMARK 2.3. The structure of the limiting vectors X, is given by some func-
tional of the points of a limiting point process. The proof of this result makes heavy
use of point process convergence results, which are appropriate tools in the context
of regularly varying distributions when extremely large values may occur in the se-
quence (Y;); see [13] for details. This leaves the parameters in the characteristic
function (2.1) unspecified (with the exception of «); a specification is not available
so far and requires further investigation.

REMARK 2.4. The quantity y in (2.4) can be identified as the extremal index
of the sequence (|Y;|); see [12] and Remark 2.3 in [13]. The extremal index y €
[0, 1] of a strictly stationary real-valued sequence is a number which characterizes
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the clustering behavior of the sequence above high thresholds. Roughly speaking,
its existence ensures that the approximate relationship

.....

holds for suitable sequences u, — 00). For the definition and interpretation of the
extremal index, we refer to [18] and [15], Section 8.1. The case y = 0 corresponds
to the case of sequences with unusually large cluster sizes above high thresholds.
This case is often considered pathological; see [18] for some examples and the re-
cent paper by Samorodnitsky [26]. For y = 0 the limit theory developed in [12, 13]
yields that the weak limit results in the above theorem hold with zero limit.

3. Stable limits for martingale transform. In this section we want to derive
infinite variance stable limits for sums of strictly stationary random vectors which
have the particular form

Yt=Gth,

where (Y;) is an i.i.d. sequence and (Gy) is a strictly stationary sequence of ran-
dom vectors with values in R? such that (G;) is adapted to the filtration given
by the o-fields = o (Y;—1,Y;—2,...), t € Z. If EY; =0 and E|G|| < o0,
E(G;Y:|F:) = 0 a.s., and, therefore, (G;Y;) is a martingale difference sequence
and

SOZO’ Sn:Yl++Yn, ”le

is the martingale transform of the martingale (3_7_, ¥;),>0 by the sequence (G;).
We keep this name even if E|Y | = oo.

3.1. Basic assumptions. We impose the following assumptions on the se-
quences (Y;) and (Gy):
A.1. Y is regularly varying with index « € (0, 2).
A2. E|G1|*T€ < oo for some € > 0.

A3. (G;Y,) satisfies condition #4(ay) [see (2.8)], where P(|Yi| > a,) ~n~' and
(rn), defined in (2.8), is such that

a+e
G.1) nrn<ar") o0,

an

where € is the same as in A.2.

REMARK 3.1. Regular variation of Y] with index « and the i.i.d. property of
(Y;) imply that

P(an_1 max |Y,|§x)—><l>a(x)=e_xa, x>0,
I<t<

n

for the Fréchet distribution ®,; see [15], Chapter 3.
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In this setting, the heaviness of the tails of the distribution of G|Y is essentially
determined by the distribution of Y7; see Remark 3.4 below.

3.2. Main result. We are now ready to formulate our main result on the as-
ymptotic behavior of the sum process (S,,).

THEOREM 3.2. Consider the martingale transform

n n
()~ (Ze)
=1 n>0 =1 n>0

defined above. Assume that the conditions A.1-A.3 are satisfied. Moreover, if a €
(1,2), assume that EY| =0 and, if o = 1, that Y| is symmetric. Then the finite-
dimensional distributions of (Y;) are regularly varying with index o and the limit y
in (2.4) exists. If y > 0, then

(3.2) a's, % X,,
where the sequence (ay) is given by
P(IY1|>ap) ~n~!

and Xy, is an a-stable random vector.

REMARK 3.3. In the case when E|G1|*T® + E|Y;|**® < 0o and EY; =0,
(3.2) turns into n~1/2§,, —d> X, where X is Gaussian with mean zero and the same

covariance structure as Gp. This follows since (G;Y;) is a strictly stationary mar-
tingale sequence; see [4].

REMARK 3.4. It is not difficult to see that Y, is regularly varying with in-
dex «. For the proof we need a result of Breiman [11]. It says that if one has two
independent random variables &, n > 0 a.s., § is regularly varying with index o > 0
and En" < oo for some v > «, then

P(En>x)~ En*P(§ > x),
that is, &n is regularly varying with the same index «. Now observe that, for
t,x > 0and a Borel set S ¢ SY~!, by multiple application of Breiman’s result,
P(G1IY1] > 1x, G1Y1/|G1|[Y1] € §)

P(G1]Y1] > x)
_ P(G1IY1| > tx, sign(Y)G € S)
B P(IG1|Y1] > x)
_ P(G|Y1 > 1x,G €8)  P(IG|Y; < —1x,—G €9)
B P(|G1]Y1] > x) P(|G1]Y1] > x)

_E(G1I*Is(G))P(Y1 > 1x) | E(G1|*Is(=G1) P(Y) < —1x)
E|G1|#P(|Y1] > x) E|G1|P(|Y1] > x) '
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Writing for some p, g > 0 with p 4+ g =1 and a slowly varying function L(x),
PY1>x)=pLx)x™* and P <-—x)=qLx)|x|™%, x>0,
we can read off the spectral measure of the vector Yj:

E(G1%Is(G1)  E(G1|*Is(=G)))

(3.3) POeS)=
PG N TENE

By regular variation, a, = n'/*¢(n) for some slowly varying function £. By
Breiman’s result and since E|G{|* ¢ < oo for some € > 0, it also follows that

P(Gi1|Y1] > x) ~ E|G1|* P(|Y1] > x),
and, therefore, P(|Y;| > ca,) ~n~" for some constant ¢ > 0. Moreover, we have
(3.4) nP(a; 'Yy €)= uy,

for some measure (1 on R4 \ {0} which is determined by « and the spectral mea-
sure.

REMARK 3.5. It follows from the proof below that

nP(a, ' (Y1,...,Yp) €d(xi, ..., xp))

(3.5) 5 ui(dx))eo(dXa, ... Xp)) + -+ wi@xp)eo(d (X1, ..., Xp—1))
=:pun(d(X1,...,Xp)),
where (1 is defined by (3.4), g9 is the Dirac measure at 0 and

Y1,...,Yp) :=vec(Y1,..., Yy and
3.6)
(X1, ...,Xp) :=vec(Xq, ..., Xp).

This means, in particular, that the limiting measure in the definition of regular
variation for (Y, ..., Yy) is the same as in the definition of regular variation for
vec(Y],...,Y)), where Y; are i.i.d. copies of Y. This part of the theorem is valid
for any o > 0.

PROOF OF THEOREM 2.2. We verify the conditions of Theorem 2.2. Since
A.3 implies +A(a,) and since we require y > 0, it remains to check (a) and (c) in
Theorem 2.2.

(a) Regular variation of the finite-dimensional distributions. We show regular
variation of the vector (Yq,...,Y}) defined in (3.6), that is, we show that (3.5)
holds.

We restrict ourselves to proof of regular variation of the pairs (Y1, Y) :=
vec(Y1, Yz); the case of general finite-dimensional distributions is completely
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analogous. The regular variation of Y; was explained in Remark 3.4. Let now
B and B, be two Borel sets in [0, 00]¢ \ {0}, bounded away from zero. In partic-
ular, there exists M > 0 such that |x| > M for all x € B| and x € B;. Then for any
€ > 0, by intersecting with the events {|G;| <€} and {|G;| > €},i =1,2,

{a,;'Y1 € B,a;'Ys € By)
CA{IGiIY1] > Map, |G2||Y2| > May,}
C {e|Y1| > Ma,, €|Y3| > Ma,}
U{IG1(e.00)(IGIDIY1| > May, €|Y2| > May}
U{IG2ll(c.00)(IG2D V2| > May, €|Y1| > May |
U{IG1H(e.00)(IGIDIY1] > May, G2l (e,00)(IG2) V2| > May |

By independence and an application of Breiman’s result, n P(D;) — 0 and
nP(Djy) — 0. Similarly,

nP(D3) < nP(|G2|l(e,00)(IG2]) V2| > May)
~nP(|Y2| > Man) E(|G2|" I(c.00)(1G2])),
and thus, by Lebesgue’s dominated convergence theorem,

lim limsupn P(D3) =0,

€Po0 p—00

and n P (D4) — 0 can be proved in the same way. We conclude that
nP(a, ' (Y1,Y2) € d(x1,%2)) = p1(dx1)eo(dxi) + 11 (dx2)eo(dx2)
= pa(d(x1,x2));

see [23]. This proves the regular variation of the two-dimensional finite-dimensio-
nal distributions. The higher-dimensional case is completely analogous.

(c) The condition (2.9). We have for any y > 0,

P( max |G, |Y| > yan
k<t<ry

GollYol > yan)

sP( max |Gy| > yan/(sear,) | 1Gol|Yol >yan>
k<t<ry

+P( max |Y;| >ska,n)

k<t<ry

=1+ I,
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where (s) is any sequence such that sy — oo. In what follows all calculations go
through for any y > 0; for ease of notation, we set y = 1. Then, by Remark 3.1,

lim lim I, = (1= Dy(s)) =0.

lim
k—o0n—00 k— 00
An application of Markov’s inequality yields, for some constant ¢ > 0 and € > 0
as in A.2 (here and in what follows, ¢ denotes any positive constant whose value
is not of interest),
'n
It < ) P(IG/| > an/(skayr,) | 1Gol Yol > an)
t=k
(Skarn>a+€ O ENG T 1Gol Yol>an (sear, )]
P(IGollYol > an)

a
n t=k

A
o
S
~
B
N
0
=~
=

ate
) E|Go|?
-0 asn — oo.
Here we used Breiman’s result [11] to show that
P(IGollYol > an) ~ E|Gol* P(|Yo| > an),

condition (3.1) and the fact that E|G|*T€ < 0o; see A.2.
Now we turn to

P( max  |G,IIYi > an |G0||Y0|>an)
—Im=< <—k
§P< max |G| > a,/(sxar,) |G0||Yo|>an)
—rust<—k
—i—P( max |Y;| > skay, |G0||Y0|>an)
—rn<t<—k

=: 13+ 1.

The quantity /3 can be treated in the same way as /] to show that I3 — 0 a.s. as
n — 0o. We turn to I4. Fix 0 < M < oo. Then
P(max_,, <i<— |Y;| > sxay,, M|Yo| > ay)
P(IGol|Yol > an)
P(Gollim,00)(1GoD Yol > an)
P(|GollYol > an)
=: 41 + L.

Iy <
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By independence of the Y;’s, Breiman’s [11] result and since r,, — oo,

P(max_,, <;<—k |Yr| > Skar,,)MaP(|Y0| > dap)

I ~

“ E|Gol* P(|Yo| > an)
~ ¢(1 — Dy (sr)) as n — oo
-0 as k — oo.

By virtue of Breiman’s [11] result,
_ E(Go|* Im,00)(IGo) P (Yol > an)
E|Go|*P(|Yo| > ay) '

Since |Gp| has finite moments of order greater than «, an application of the
Lebesgue dominated convergence theorem yields

I

lim lim I4» =0.
M_>ool’l—)00

This proves (2.9). O

Thus, the conditions (a)-(c) and y > 0 of Theorem 2.2 are satisfied. In the
case o < 1, Theorem 2.2 immediately yields (3.2). In the case o € [1,2), we
have to check condition (2.11). It suffices to show it for components Sf,l)(O, yl,
i=1,...,d, of S;(0, y]. Since the components can be handled in the same way,
we suppress the dependence on i and, for ease of notation, write G,Y; for the
summands of the ith component.

We start with the case o € (1,2). As before, write ¥; = o(Y;_1, Y;_2,...).
Then, for z > 0, since EY; =0,

E[Gthl(O,z](|Gth|/an) | ‘(E‘] = GIE[YII(O,z](|Gth|/an) | Gt]
= —GtE[YtI(z,oo)(|Gth|/an) | Gt]-

Consider the decomposition

n
a, " Y [G:Yil0,:1(1G:Ysl/an) — E[G1Y110,:1(1G1Y1]/an)]]
t=1
n

=a, ' Y [G/Y10,:/(IG Ys|/an) — G/ E[Y:10,:1(1G: Ys|/an) | G,]]

=1
n
—a, ' Y [GLE[YiI(2.00)(IG Yyl /an) | Gi] — E[G1Y1 (2,00 (IG1 Y1 /an)]]

t=1
=T+ 1.

For fixed n, T} is a sum of stationary mean zero martingale differences. An ap-
plication of Karamata’s theorem ([5], page 26) to the regularly varying random
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variable G 1Y with index « yields for some constant ¢ > 0,

var(Ty) = na; 2E[G1Y11(0.2(IG1Y1]/an)
— G E[Y1110.5(1G1Y1]/an) | G1]]?

_ 2
(3.7) < cna,;?E[G1Y110.(1G1Y1|/an)]
~ c7* @ as n — 00
—0 asz | 0.

Next we treat 75. Fix 0 < § < M < oo to be chosen later. Notice that, by Kara-
mata’s theorem and the uniform convergence theorem for regularly varying func-
tions uniformly for ¢ € [§, M],

E[Y11(cx,00)(IY1])]
cxP(|Y1] > cx)

— C

for some constant C. Taking this into account, the strong law of large numbers
yields, with probability 1,

ay ' > " Gilis my(IGDE[Yi (2,00 (IG: Ys| /an) | Gi]

t=1

n
=a,' > Gilis.m)(IG1))

t=1

(3.8) x [(zan/ G P(1Y:] > zan /|G| | G)(C +o(1))]

=(C+o)z'*n™ 'Y " |1Gi1*Is iy (IG1])

=1

— CZ"E[|G1|*Iis.m(IG1])]-

On the other hand, since G115 m((|G1])Y1 is regularly varying with index « €
(1, 2), by the same argument and Breiman’s result,

na, 'E[G1Ii5 s (IG1DY11z.00)(1G1 Y1 /an)]
(3.9) =na; '[(C + o(1))(zan) P(G 1115 31(1G1 DI Y1] > zan)]

= (C 4 o(1))z' ™ E[|G1|*Its.3(1G1])].

This shows that (3.8) and (3.9) cancel asymptotically as n — oo for every fixed z.
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A similar argument shows that, with probability 1,

n
a, 'Y Gilo.51(IGDEYiI(e.00)(IG: Vil /an) | G1]

t=1

(3.10) <a,' Y 1Gil 051G E[1Y1 ;.00 (81Y1/an)]

=1
— ¢(z/8)' " E[1G1|110.5)(IG1])].
Moreover,
na, '|E[G1110,61(1G 1D Y11(z,00) (G111 /an)]]
(3.11) <na; "E[|G1|1j0,51IG1DIY11(z,00) (8] Y11 /an)]

~c(z/8) Y E[|G11110.51(1G1D].

Now choose § = z2. Then, first letting n — oo and then z | 0, both (3.10) and
(3.11) vanish asymptotically.
Finally, we consider

n
ay "E| Y Gil,00)(IG D E[YiI(2,00)(IG1 Yyl fan) | Gi]

=1
< an_lnE[lGl I M,00)(IG1DIY11(z,00)(IG1Y1]/an)].

An application of Breiman’s result to the regularly varying random variable
G1lim,00)(|G1]) Y1 gives that the right-hand side is asymptotically equivalent as
n— oo to

cz' " E[IG11*Im,00) (1G 1 )].

Choosing M large enough, the right-hand side is smaller than z, say. The same
argument can be applied to

nay, | E[G111p1,00)IG 1D Y11 (z.00) (IG 1 Y11/an)]].
Collecting the bounds above, we see that

limlimsup P(|T>| > r) =0, r>0.
z240 n—oo
This together with (3.7) concludes the proof of (2.11) for @ € (1, 2).

For « = 1, we use the additional condition of symmetry of Y;. Then
ES, (0, y] =0 and the same argument as for var(77) above shows that (2.11) holds
in this case as well. This concludes the proof of (2.11).

Since the conditions of Theorem 2.2 are satisfied for « € [1, 2), we conclude
that
a7 (S, — ES,(0,11) % X,

n
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for some a-stable random vector in R?. For & = 1, we can drop ES,, (0, y] because
of the symmetry of G;Y;. For « € (1, 2), G;Y; is regularly varying with index «.
Since E(G;Y;) =0, Karamata’s theorem yields

a 'ES,(0,11—>b

for some constant b which can be incorporated in the stable limit, and, therefore,
centering in (3.2) can be avoided. This concludes the proof of Theorem 3.2.

4. Gaussian quasi maximum likelihood estimation for GARCH processes
with heavy-tailed innovations. In this section we apply Theorem 3.2 to
Gaussian quasi maximum likelihood estimation (QMLE) in GARCH processes.
The limit properties of the QMLE were studied by Berkes et al. [3]. They proved
strong consistency of the QMLE under the moment condition E|Z |14 < 0o for
some § > 0 and established asymptotic normality under E Zf' < 0o. Here (Z;) is an
1.i.d. innovation sequence; see Section 4.1 below for the definition of the GARCH
model and the QMLE. Hall and Yao [16] refined these results and also allowed
for innovations sequences, where le is regularly varying with index « € (1, 2).
Then the speed of convergence is slower than the usual /n rate and the limiting
distribution of the QMLE is (multivariate) «-stable.

It is our objective to show that the asymptotic theories for the QMLE under
light- and heavy-tailed innovations parallel each other and that very similar tech-
niques can be applied in both cases. However, in the light-tailed case (see [3]) an
application of the CLT for stationary ergodic martingale differences is the basic
tool which establishes the asymptotic normality of the QMLE. In the heavy-tailed
situation one depends on an analog of the CLT which is provided by Theorem 3.2.

As a matter of fact, the structure of the proofs shows that the asymptotic prop-
erties of the QMLE are not dependent on the particular structure of the GARCH
process if one can establish the regular variation of the finite-dimensional distrib-
utions of the underlying process (X;) and the mixing condition #(a,). Therefore,
the results of this section have the potential to be extended to more general models,
including, for example, the AGARCH or EGARCH models whose QMLE proper-
ties in the light-tailed case are treated in [28]. The most intricate step in the proof
is, however, the verification of this mixing condition for a given time series model.
We establish this condition for a GARCH process by an adaptation of Theorem 4.3
in [21]; this yields strong mixing with geometric rate of the relevant sequence. We
devote Section 4.4 to the solution of this problem.

Before we start, we introduce some notation. If K c RY is a compact set, we
write C(K, R?) for the space of continuous R? -valued functions equipped with
the sup-norm ||v||x = sup,cg |v(s)|. The space C(K, R% *42) consists of the con-
tinuous d; x d»-matrix valued functions on K ; in R%1%92 we work with the operator
norm induced by the Euclidean norm | - |, that is,

IA] = sup |Ax]|, A e RN*4,

lx|=1
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4.1. Definition of the OMLE. Recall the definition of a GARCH(p, ¢g) process
(Xy) from (1.1). As before, (Z;) is an i.i.d. innovation sequence with E le =1
and EZ; =0, and «;, B; are nonnegative constants. GARCH processes have been
intensively investigated over the last few years. Assumptions for strict stationarity
are complicated: they are expressed in terms of Lyapunov exponents of certain
random matrices; see [6] for details. A necessary condition for stationarity is

4.1) Bi+ - +B, <1

(Corollary 2.3 in [6]). We will make use of this condition later.

In what follows we always assume strict stationarity of the GARCH processes.
As a matter of fact, the observation X; is always a measurable function of the
past and present innovations (Z;, Z;_1, Z;—2, ...); hence, (X;) is automatically
ergodic.

In what follows we review how an approximation to the conditional Gaussian
likelihood of a stationary GARCH(p, g) process is constructed, that is, a con-
ditional likelihood under the synthetic assumption Z;ii.d. ~ N (0, 1). Given

X0, ..., X_py1 and ag,...,azqﬂ, the random variables Xq,..., X, are con-
ditionally Gaussian with mean zero and variances h;(f), t = 1,...,n, where
0 = (ap,a1,...,0p,B1,..., ,Bq)T denotes the presumed parameter and

o2, <0,

he@) =] ao+arX; |+ +a,X}
+ Brhi—1(8) + -+ Byhi—g@),  1>0.

The conditional Gaussian log-likelihood has the form

log fo(X1. ... Xn | X0u oo X p11.00. ... 074 ))

4.2)
1osem) 1 3 Xy i ®))
=——log(2w) — < < og .
2 25\h(0) ’
Since Xo, ..., X_p41 are not available and the squared volatilities o2, ..., 0% g+1
unobservable, the conditional Gaussian log-likelihood (4.2) cannot be numerically
evaluated without a certain initialization for 0*02, ...,02 Pt and Xo,..., X _g41.
The initial values being asymptotically irrelevant, we set the X;’s equal to zero
and h;(0) =ao/(1 — B1 —--- — By) for t < 0. We arrive at
ao/(1 = B1—--—By), t<0,
@4.3) h(0) =1 0+ X+ + min(pa-) Xpax—p.1)
+ Bihi—1(8) + -+ Byhi—q (0), t>0.

The function (fl :(0))'/2 can be understood as an estimate of the volatility at time ¢
and under parameter hypothesis 6. It can be established that \hy — hy| 50 with
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a geometric rate of convergence and uniformly on the compact set K defined
in (4.4) below. This suggests that, by replacing ht(ﬂ) by ht(b’) in (4.2), we ob-
tain a good approximation to the conditional Gaussian log-likelihood. Since the
constant —n log(2m)/2 does not matter for the optimization, we define the QMLE

0,, as a maximizer of the function

1 &/ X? .
L(@—Eyum———ixﬁf-H%mwﬂ

2 =1 l‘(o)
with respect to 6 € K, with K being the compact set
(4.4) K=1{0 R \m<ai, B; < M, B+ + By < B,

where 0 <m < M < oo and 0 < B < 1 are such that gm < S.

REMARK 4.1.  From a comparison with [3], one might think at first sight that
our definition of the QMLE is different from theirs. To see that 4, coincides with
w; in [3], introduce the polynomials

a(z)=ajz+--+apz’ and B)=1-piz—- - — Byz¢
for every 0 = (g, ay, ..., ap, B1, ..., ﬂq)T € K. Then one can show by induction
on ¢ that
4.5) w%f6+2%@&y

where the coefficients v/ ;() are defined through

oc(z)
4.6 = 0)z/ 1.
(4.6) 56) ;%Uz 2] <

Note that the latter Taylor series representation is valid because §; > 0 and 81 +

o+ By = B < 1imply B(z) #0on K for |z| < 1+ € and € > 0 sufficiently small.
We choose (4.3) rather than (4.5) as a first definition for the squared volatility
estimate under parameter hypothesis 0, because the recursion (4.3) is natural and
computationally attractive. In [3] the starting point for the definition of the QMLE
is Theorem 2.2, which says that for all ¢ € Z one has h;(6g) = 0,2, where 0 is the
true parameter and

(4.7) hw>ﬂm+2m@x

In [3] this leads to the definition of a squared volatility estimate at time ¢ under
parameter # based on (X1, ..., X,), which is given by (4.5). Note also that (/1;(f))
obeys

hes10) = o+ a1 X2+ -+ aprH_p
+ B1hi(0) + - + Bghi+1-4(8), 0eck.

(4.8)
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4.2. Limit distribution in the case E Zf < 00. First we list the conditions em-

ployed by [3] for establishing consistency and asymptotic normality of 8,,. Write
0o = (ag,af, ..., oc;, Bl ﬂ;)T for the true parameter.

C.1. Thereis a § > 0 such that E|Z;|*1% < oc.

C.2. The distribution of |Z1] is not concentrated in one point.

C.3. Thereisa u > Osuchthat P(|Z;| <t)=o0(@*)ast | 0.

C.4. The true parameter 6 lies in the interior of K.

C.5. The polynomials @°(z) = ajz+---+a,z” and B°(z) =1 - Bz —---— B4
do not have any common roots.

Now we are ready to quote the main result of [3]. We cite it in order to be able to
compare the assumptions and assertions both in the light- and heavy-tailed cases;
see Theorem 4.4 below.

THEOREM 4.2 (Theorem 4.1 of [3]). Let (X;) be a stationary GARCH(p, q)
process with true parameter vector 0. Suppose the conditions C.1-C.5 hold. Then
the OMLE 0, is strongly consistent, that is,

< a.s.
0, = 0, n— oo.

If, in addition, E Zé’ < 00, then én is also asymptotically normal, that is,

~ d — _
Vn(@, —60) > N (0, By AoB; ),
where the (p +q + 1) X (p 4+ g + 1) matrices Ay and Bg are given by

E(Z§ - 1)

Ap= 00 (—h1<0o)Th1(oo>)

4.9 { 1
BOZ—EE( 100 (ao>)

4.3. Limit distribution in the case E Zf = o00o. First we identify the limit deter-
mining term for the QMLE. To this end, we set analogously to [3],

n 1 n X2
Ly@) =) t:0)=—> )
; ’ Z(h 0 )

and define 0, as a maximizer of L, with respect to 6 € K. It is a slightly simpler
problem to analyze 0 because (¢;) is statlonary ergodic, in contrast to (K )teN-
As is shown in Proposition 4.3 below, 0, and 0, are asymptotically equivalent. It
turns out that the asymptotic distribution of the QMLE is essentially determined by
the limit behavior of L}, (#o)/n, up to multiplication with the matrix —B, ' These
results follow by a careful analysis of the proofs in [3]. We omit details and refer to
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the website [20] for a detailed proof. Compare also with the similar reference [28],
where the case of processes with a more general volatility structure than GARCH
is treated.

PROPOSITION 4.3. Let (X;) be a stationary GARCH(p, q) process with true
parameter vector 0. Suppose the conditions C.1-C.5 apply. If there is a positive
sequence (Xp)p>1 with x, = o(n) as n — oo and

L (6
(4.10) o @0 4y
n
for an RPt4H yalyed random variable D, then the QMLE 0, satisfies the limit
relation

(4.11) xn (0, —00) > —B;'D,
where By is given by (4.9).

Now we can state the main theorem of this section. We note once again that Hall
and Yao [16] derived the identical result by means of different techniques.

THEOREM 4.4. Let (X;) be a stationary GARCH(p, q) process with true pa-
rameter vector 0. Suppose that Z% is regularly varying with index o € (1, 2) and
that C.3—C.5 hold. Moreover, assume that Z1 has a Lebesgue density f, where
the closure of the interior of the support {f > 0} contains the origin. Define
(xp) = (nan_l), where

P(Z%>an)~n_1, n— 0o.
Then the OMLE én is consistent and

(4.12) x, 0, —00) 5> D,. n— oo,

for some nondegenerate o-stable vector Dy,.

Before proving the theorem, we discuss its practical consequences for parameter
inference:

e The rate of convergence x, has—roughly speaking—magnitude n'~!/%, which
is less than /n. The heavier the tails of the innovations, that is, the smaller a,
the slower is the convergence of 8, toward the true parameter 6.

e The limit distribution of the standardized differences (é » — 0p) is a-stable and,
hence, non-Gaussian. The exact parameters of this a-stable limit are not explic-
itly known.

e Confidence bands based on the normal approximation of Theorem 4.2 are false
if EZ{ = o0.
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e By the definition of a GARCH process, the distribution of the innovations Z; is
unknown. Therefore, assumptions about the heaviness of the tails of its distri-
bution are purely hypothetical. As a matter of fact, the tails of the distribution
of X; can be regularly varying even if Z; has light tails, such as for the normal
distribution; see [2]. Depending on the assumptions on the distribution of Zj,
one can develop different asymptotic theories for QMLE of GARCH processes:
asymptotic normality as provided by Theorem 4.2 or infinite variance stable
distributions as provided by Theorem 4.4.

PROOF OF THEOREM 4.4. The proof follows by combining Theorem 3.2 and
Proposition 4.3. Indeed, setting

G, =h;00)/o}.  Yi=(Z}-1)/2 and Y,=GY,,
one recognizes that

1 k(6 "
(4.13) L@ =53 I;ZO)(Zf—1)=ZGth

=1 t t=1

is a martingale transform. Regular variation of Z% with index « € (1,2) im-
plies A.1, but also C.1 and C.2. Condition A.2 is fulfilled because ||h’1/h1 ||k has
finite moments of any order (Lemma 5.2 of [3]), and so has ||G{]||. The condi-
tion A.3 holds if we can show that (Y;) is strongly mixing with geometric rate, in
which case we choose r, = n® in A(a,) for any small § > 0, so that (3.1) imme-
diately follows. This choice of (r,,) is justified by the arguments given in [2]. The
strong mixing condition with geometric rate of (Y;) will be verified in Section 4.4.

Finally, we have to give an argument for y > 0. The latter quantity has inter-
pretation as the extremal index of the sequence (|Y;|); see Remark 2.4. Accord-
ing to Theorem 3.7.2 in [18], if ¥y = 0 and for some sequence (u,) the relation
liminf, . o P(M” < uy) > 0 holds, then one neccessarily has lim,,_, oo P(M, <
u,) = 1. Here M,, = max(|Y|, ..., |Y,|) and (Mn) is the corresponding sequence
of partial maxima for an i.i.d. sequence (R;), where R has the same distribution
as |Yq].

We want to show by contradiction that y = 0, using the above result. The
random variable |Y| 4 R; is regularly varying with index « since Y is reg-
ularly varying with index «. Hence, (a, 1M,,) has a Fréchet limit distribution
®y (x) =exp{—x"%}, x > 0; see Remark 3.1.

On the other hand, we will show that P(M, < xa,) — 1 does not hold for
any positive x, thus contradicting the hypothesis y = 0. Indeed, straightforward
arguments exploiting

i ;@ ; 2

Z - ) |Z|§17
o B(z)
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foralli=1,..., p, show that

oh; (0
(4.14) () >0  foralli=0,...,p,
oo
and
p
oh. (0
(4.15) Z(xl f<. ) = h,(0).
l
Since the Euclidean norm is equivalent to the 1-norm |x| = Zp g+l |x;] and

o; < M on K, there is a ¢ > 0 such that

A c < .}8h,(0) c & dh,(6) _
@ = @) 2 OPI

i=0

do; oo

Note that the last two equalities in the latter display are a consequence of (4.14)
and (4.15). In particular, we proved that |G;| > ¢ for all i and therefore

P(My < xay) = ( max (Gyl|% <xan)

i=1,...,

< P( nllax Y| <c™ lxan>.
i=1,...,
The same classical limit result for maxima as above ensures that the right-hand side
probability converges to a Fréchet limit and is never equal to 1 for all positive x.
Thus, we have proved y > 0.

Now, all conditions of Theorem 3.2 are verified so that

L ~
2a7"L (00) = 2x, n®0) 4 5
n

where Dy is a-stable [notice that P((Z} — 1)/2 > an/2) ~ P(Z} > ay) ~n~'1.
Since x,/n =a,, ' — 0, Proposition 4.3 implies

Xn (0, —00) % —27 "By ' Dy =Dy

Recalling that a linear transformation of an «-stable random vector is again
a-stable (see [27]), we conclude the proof of the theorem. [J

4.4. Verification of strong mixing with geometric rate of (Y;). To begin with,
we quote a powerful result due to Mokkadem [21], which allows one to estab-
lish strong mixing in stationary solutions of so-called polynomial linear stochastic
recurrence equations (SREs). A sequence (Y;) of random vectors in R4 obeys a
linear SRE if

4.16) Y, =P, Y1 +Qy,
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where ((P;, Q;)) constitutes an i.i.d. sequence with values in Rxd » R4 A lin-
ear SRE is called polynomial if there exists an i.i.d. sequence (e;) in R4 such that
P, =P(e;) and Q; = Q(e;), where P(x) and Q(x) have entries and coordinates, re-
spectively, which are polynomial functions of the coordinates of x. The existence
and uniqueness of a stationarity solution to (4.16) has been studied by Brandt [10],
Bougerol and Picard [7], Babillot et al. [1] and others. The following set of con-
ditions is sufficient: Elog™ ||[P1]| < oo, Elog™ |Qq| < oo, and the top Lyapunov
coefficient associated with the operator sequence (P;) is strictly negative, that is,

4.17) p=inf{t 'Elog||P;---P| |t > 1} <O.

Here || - || is the operator norm corresponding to an arbitrary fixed norm | - | in R,
for example, the Euclidean norm. The following result is a slight generalization of
Theorem 4.3 in [21]; see the beginning of the proof below for a comparison.

THEOREM 4.5. Let (e;) be an i.i.d. sequence of random vectors in RY. Then
consider the polynomial linear SRE

(4.18) Y, =P(e)Y;—1 +QCey),

where P(e;) is a random d x d matrix and Q(e;) a random R?-valued vector.
Suppose:

1. P(0) has spectral radius strictly smaller than 1 and the top Lyapunov coefficient
p corresponding to (P(e;)) is strictly negative.
2. There is an s > 0 such that

E|P(e))|’ <oo and E|Q(e)]’ < oo.

3. There is a smooth algebraic variety V C RY" such that e1 has a density [ with
respect to Lebesgue measure on V. Assume that 0 is contained in the closure of
the interior of the support { f > 0}.

Then the polynomial linear SRE (4.18) has a unique stationary ergodic so-
lution (Y;) which is absolutely regular with geometric rate and consequently
strongly mixing with geometric rate.

REMARK 4.6. Asregards the definition of a smooth algebraic variety, we first
introduce the notion of an algebraic subset. An algebraic subset of the R is a set
of the form

V={xeR" | Fi(x)=---= F(x) =0},

where F1, ..., F, are real multivariate polynomials. An algebraic variety is an al-
gebraic subset which is not the union of two proper algebraic subsets. An algebraic
variety is smooth if the Jacobian of F = (Fy, ..., F;)T has identical rank every-
where on V. Examples of smooth algebraic varieties in R4 are the hyperplanes
of R” or V =R
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REMARK 4.7. Recall that absolute regularity (or B-mixing) is a mixing notion
which is slightly more restrictive than strong mixing:

E( sup |P(B|0(YS,S§O))—P(B)]) =:b;y — 0, k — oo.
Beo (Y;,t>k)

Indeed, B-mixing implies strong mixing with the same rate function; see [14] for
details on mixing.

PROOF OF THEOREM 4.5. If E||P(e1)||§ < 1 for some § > 0, we can im-
mediately apply Theorem 4.3 in [21]. In the general case, we use Mokkadem’s
result to prove absolute regularity with geometric rate for some subsequence
(?,) = (Y¢m)iez, some m > 1, by observing that (SN{,) satisfies the linear SRE
(4.19) below. The subsequence argument works because the mixing coefficient by
is nonincreasing and since (Y;) is a Markov process. Then one has the simpler
representation

bk=E< sup  |P(B|o(Yo)) — )
Beo (Yi+1)
see, for example, [9].

Since p < 0, there is an m > 1 with Elog||P(e;)---P(e;)| < 0. From
the fact that the map u — E|P(e,)---P(er)||* has first derivative equal to
Elog||P(e;)---P(ey)|| at u = 0, we deduce that there is an 0 < 5 < s with
E|P(e,) - -P(e1)||5' < 1. Then note that (]?,) = (Y;,) obeys a linear SRE:

(4.19) Y, =P@)Y, 1+ Q@)
where
€tm
€ = :
€t—m+1
and

P@&) =P(em) - - Pleq—1m+1)

N m—1 j
Q@) =Qem)+ ) (1‘[ P(ezmﬂ_,-))Q(etm_ J)-

j=1\i=1

Since both the matrix f’(ét) and the vector é(ét) are polynomial functions of
the coordinates of € and the sequence (&) is i.i.d, Y, obeys a polynomial lin-
ear SRE. Observe that P(O) = (P(O))’" has spectral radius strictly smaller than 1,

that E||P(e1)||s < 1 and E||Q(e1)||s < 0o and that €; has a density with respect
to Lebesgue measure on V™, where V™ is a smooth algebraic variety (see A.14
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in [21]). Thus, an application of Theorem 4.3 in [21] yields that (]NK;) is absolutely
regular with geometric rate. This proves the assertion. [J

The following two facts will also be needed.

LEMMA 4.8. Let (P;) be an i.i.d. sequence of k x k matrices with E|P1|* <
o0 for some s > 0. Then the associated top Lyapunov coefficient p < 0 if and only
if there exist ¢ > 0,5 > 0 and A < 1 so that

(4.20) E|P;---Pi|f <cAl, r>1.

PROOF. For the proof of necessity, observe that there exists n > 1 such that
Elog||P,---Pq|| < 0. From the fact that the map u — E||P,---P||* has first
derivative equal to Elog||P,---Py| at u = 0, we deduce that there is an § > 0
with E||P, - --P1|I* = X < 1. Since the operator norm || - || is submultiplicative and
the factors in P; - - - P are i.i.d.,

E||Pt---P1||st’/"—1(6 max 1E||Pe---P]||f)sc>J, =1,
=1,..., n—

for c = X‘l(maxkl ,,,,, n-1E|Pg-- -P1||§) and A = A1/7, Regarding the proof of
sufficiency, use Jensen’s inequality and lim;_, ot~ ' Elog ||P; - - - P1|| = p to con-
clude

1 - 1 .
p= lim —FElog|P;---Pi||° <limsup —log E||P;---Py|°
t—>00 t§ ts

t—00
. 1 log A
<limsup —(logc +tlogih) = — <O0.
t—oo IS N
This completes the proof of the lemma. [
LEMMA 4.9. Suppose that
_ At 0r><(k—r)
(4.21) P, = <Bz C, , teZ,

forms an i.i.d. sequence of k x k matrices with E||P1||* < 0o, s > 0, where A; €
R B, € R&>" and C, € R&*K=") Then its associated top Lyapunov
coefficient pp < 0 if and only if the sequences (A;) and (C;) have top Lyapunov
coefficients pp < 0 and pc < O.

PROOF. For the proof of sufficiency of pao < 0 and p¢c < 0 for pp < 0, it is by
Lemma 4.8 enough to derive a moment inequality of the form (4.20) for (P;). By
induction we obtain

_ At"‘Al 0rx(k—r))
P, Pl—( Q C,---C )’
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where
Q=BA - A +CB1A 2 A + CC_ 1B 2A; 3 Ay
44+ C---C3BA + C; - - - CBy.
Observe that

max(||A; - Aqll, [C; --- CylD)
(4.22)
=P Pl <IA;--- A + G-+ Crll + [1Qe I

It is sufficient to show (4.20) for each block in the matrix P; ---P|. Because of
oA <0, pc <0and E|Aq|°, E||C1]|* < E||P1]]® < oo, Lemma 4.8 already im-
plies moment bounds of the form (4.20) for (A;) and (C;). Thus, we are left to
bound ||Q;||. Without loss of generality, we may assume that the constants A < 1
and §, ¢ > 0 in (4.20) are equal for (A;) and (C;) and that § <s < 1. From an
application of the Minkowski inequality and exploiting the independence of the
factors in each summand of Q;, we obtain the desired relation

E|Q I < *tE|B|F A~ <&,

for some A € (&, 1), & > 0. For the proof of necessity, assume pp < 0. Then the
left-hand side estimates in (4.22) and Lemma 4.8 imply that po < 0 and pc < 0.
O

We now exploit Theorem 4.5 in order to establish strong mixing with geometric
rate of the sequence (Y;) = (G;Y;), where G; = h;(ao)/at2 and Y; = (th —1)/2.

PROPOSITION 4.10. Let (X;) be a stationary GARCH(p, q) process with
true parameter vector 0g. Moreover, assume that Z has a Lebesgue density f,
where the closure of the interior of the support { f > 0} contains the origin. Then
(Y;) is absolutely regular with geometric rate.

PROOF. For the proof of this result, we first embed (Y;) in a polynomial linear
SRE. Without loss of generality, assume p, g > 3. Write

S 2 2 2 2

Y = (Uz+1’ e O g Xi s X i,
dhi11(00) 0hi—q+2(00) dhi11(00) dhi—g+2(00)
P dwg T da, by
dhi11(00) 0hi—q+2(00)

g e e ey R

dhs+1(00) aht_ﬁz(oo))T
aB1 aB1 BT P '

Since Z? = X? /o2, we have

oY, t>kyCcoY;,t>k) and o(Y,,t<0)Co(Y,,t<0).

0By
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Consequently, it is enough to demonstrate absolute regularity with geometric rate
of the sequence (?,). We introduce various matrices. Write 0y, x4, for the di x d>
matrix with all entries equal to zero and let I; denote the identity matrix of dimen-
sion d. Then set

T 13; o° (X;
M (Z;) = L1 0g-nx1 Og-nx(p-20 Og-1nx1 ,
5 O1x1 Oixp-2  Oixi

0p-2x@-1) Op-2x1 Op-2x(p-2) Op-2)x1

where
=B+ 2 B3 .. By €RITY

£, =(Z%0,...,00eRI7L,

@ =(05,....a5_ ) eRP,
Moreover, define
0 _
qX(6+q 9] \2
My (Z,) = ! and My=| @ [,
: v
U, 1

where U; € R9*(P+4=D and V; € R9*P*+4=D are given by

[(Uilk.e = Ske.11 22,
[Uilk.e = Ske,1g+i-1)> i>2,
[Vili.o = ke

Here 6. denotes the Kronecker symbol. Also introduce the g x g matrix
c_ ( g - BS ) ’
I, 0—1)x1

M; =diag(C, p+ 1), M;s = diag(C, q)

and let

be the block diagonal matrices consisting of p 4+ 1 (or g) copies of the block C.
Finally, we define

Mi(Z)) Optg-Dx(p+g  Oprg—1)xq2
P(Z)=| Ma(Z)) M; 0 +1)gxq2

My 052 (p+1)g Ms
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and Q € RPT4=14a(r+a+D) by [Q]; = aodk.1 + 8k, p+4- Differentiating both sides
of (4.8) at the true parameter 6 = 0, we recognize that

/ 2 2 2 2 T
ht+l(00):(1’X ""’Xt+1—p’at ""’Gt+1—q)

+ BYh;(B0) + - + Bohy, 1, (80).

From this recursive relationship together with 0[2+1 = aj + ofsz2 + -+
oc; X,2+1_p + ,chrtz 4+ 4 ﬁ;atal_q, we derive a polynomial linear SRE for (SNK,):
(4.23) Y =PZ)Y-1 +Q

The proof of Proposition 4.10 follows from the following lemma. [

LEMMA 4.11. Under the assumptions of Proposition 4.10, the polynomial

linear SRE (4.23) has a strictly stationary solution (?,) which is absolutely regular
with geometric rate.

PROOF. The aim is to show that (4.23) obeys the conditions of Theorem 4.5.
Since E Z% = 1, itis immediate that E||P(Z)|| < oo since this statement is true for
the Frobenius norm and all matrix norms are equivalent. Treat the blocks M (Z;),
M3 and My separately. Observe that the matrix M (Z;) appears in the linear SRE

for the vector S; = (02 o2 X2, ..., th_p+2)T, namely,

t+10 0 Y=g +2?
S =Mi(Z)Si—1 + (5.0,....0)".

Theorem 1.3 of [6] says that (1.1) admits a unique stationary solution if and only
if (M (Z;)) has strictly negative top Lyapunov coefficient; consequently, ppm, < 0.
Moreover, arguing by recursion on p and expanding the determinant with respect
to the last column, it is easily verified that M (0) has characteristic polynomial

q
det(M g1 — M;(0)) = AP+~ (1 -> ﬂ;’x—’).
i=1
Since (4.1) holds for a stationary GARCH(p, q) process, by the triangle inequality
q .
1= gor
i=1

if [A] > 1 and, hence, M;(0) has spectral radius < 1. Observe that the building
block C has characteristic polynomial

q
det(Al, — C) = A9 <1 -3 ﬂ{’k_’),
i=1

showing that its spectral radius is strictly smaller than 1 (use the same argument
as before). Thus, the deterministic matrices M3 and M5 have spectral radius < 1,

q q
>1=Y A" =1-) >0
i=1 i=1



STABLE LIMITS AND GARCH 521

which also implies that their associated top Lyapunov coefficients are stricly neg-
ative. Combining these results, we deduce that P(0) has spectral radius < 1 and
conclude by twice applying Lemma 4.9 that (P(Z;)) has strictly negative top
Lyapunov coefficient. Hence, by Theorem 4.5 the stationary sequence (Y,) is ab-
solutely regular with geometric rate. [

REMARK 4.12.  Since (X2, atz) is a subvector of ]th, stationary GARCH(p, ¢q)
processes are absolutely regular with geometric rate; this result has previously been
established by Boussama [8].
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