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Limit theorems for long memory stochastic volatility
models with infinite variance: Partial Sums and
Sample Covariances

Rafat Kulik* Philippe Soulier'

Abstract

Long Memory Stochastic volatility (LMSV) models capture two standardized fea-
tures of financial data: the log-returns are uncorrelated, but their squares, or absolute
values are (highly) dependent and they may have heavy tails. EGARCH and related
models were introduced to model leverage, i.e. negative dependence between previous
returns and future volatility. Limit theorems for partial sums, sample variance and
sample covariances are basic tools to investigate the presence of long memory and
heavy tails and their consequences. In this paper we extend the existing literature
on the asymptotic behaviour of the partial sums and the sample covariances of long
memory stochastic volatility models in the case of infinite variance. We also consider
models with leverage, for which our results are entirely new in the infinite variance
case. Depending on the interplay between the tail behaviour and the intensity of
dependence, two types of convergence rates and limiting distributions can arise. In
particular, we show that the asymptotic behaviour of partial sums is the same for
both LMSV and models with leverage, whereas there is a crucial difference when
sample covariances are considered.
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1 Introduction

One of the standardized features of financial data is that returns are uncorrelated, but their
squares, or absolute values, are (highly) correlated, a property referred to as long memory
(which will be later defined precisely). A second commonly accepted feature is that log-
returns are heavy tailed, in the sense that some moment of the log-returns is infinite, and
the last one we want to mention is leverage. In the financial time series context, leverage
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is understood to mean negative dependence between previous returns and future volatility
(i.e. a large negative return will be followed by a high volatility). Motivated by these
empirical findings, one of the common modeling approaches is to represent log-returns
{Y;} as a stochastic volatility sequence Y; = Z;0; where {Z;} is an i.i.d. sequence and {o;}
is the conditional variance or more generally a certain process which stands as a proxy for
the volatility. In such a process, long memory can only be modeled through the sequence
{0}, and the tails can be modeled either through the sequence {Z;} or through {o;}, or
both. The well known GARCH processes belong to this class of models. The volatility
sequence {o;} is heavy tailed, unless the distribution of Z; has finite support, and leverage
can be present. But long memory in squares cannot be modeled by GARCH process. The
FIGARCH process was introduced by [3] to this purpose, but it is not known if it really
has such a long memory property. see e.g. [13].

To model long memory in squares, the so-called Long Memory in Stochastic Volatility
(LMSV) process was introduced in [0], generalizing earlier short memory version of this
model. In this model, the sequences {Z;} and {o;} are fully independent, and {o;} is the
exponential of a Gaussian long memory process. Tails and long memory are easily modeled
in this way, but leverage is absent. Throughout the paper, we will refer to this process as
LMSV, even though we do not rule out the short memory case.

In order to model leverage, [22] introduced the EGARCH (where E stands for expo-
nential), extended by [5] to the FIEGARCH (where FI stands for fractionally integrated)
to model long memory. In these models, {Z;} is a Gaussian white noise, and {o;} is the
exponential of a linear process with respect to a function of the Gaussian sequence {Z;}.
[28] extended the type of dependence between the sequences {Z;} and {X;} and relaxed
the Gaussian assumption for both sequences, but assumed finite moments of all order.
Thus long memory and leverage are possibly present in these models, but heavy tails are
excluded.

A quantity of other models have been introduced, e.g. models of Robinson and Zaffaroni
[25], [26] and their further extensions in [24]; LARCH(co) processes [15] and their bilinear
extensions [16], and LARCH, (c0) [27]; to mention a few. All of these models have long
memory and some have leverage and allow for heavy tails. The theory for these models is
usually extremely involved, and only the asymptotic properties of partial sums is known
in certain cases. We will not consider these models here.

The theoretical effect of long memory is that the covariance of absolute powers of
the returns {Y;} is slowly decaying and non summable. This induces non standard limit
theorems, such as convergence of the partial sum process to the fractional Brownian motion
or finite variance non Gaussian processes or even Lévy processes. In practice, long memory
is often evidenced by sample covariance plots, showing an apparent slow decay of the
covariance function. Therefore, it is of interest to investigate the asymptotic behaviour of
the sample mean or of the partial sum process, and of the sample variance and covariances.

In the case o(z) = €”, the asymptotic theory for sample mean of LMSV processes with
infinite variance is a straightforward consequence of a point process convergence result
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which extends to the case of long memory the corresponding result of [12]. The limit is a
Lévy stable process. [28] considered the convergence of the partial sum process of absolute
powers of generalized EGARCH processes with finite moments of all orders and showed
convergence to the fractional Brownian motion. To the best of our knowledge, the partial
sum process of absolute powers has never been studied in the context of heavy tails and
long memory and possible leverage, for a general function o.

The asymptotic theory for sample covariances of weakly dependent stationary processes
with finite moments dates back to Anderson, see [I]. The case of linear processes with
regularly varying innovations was studied in [9] and [10], for infinite variance innovation
and for innovations with finite variance but infinite fourth moment, respectively. The
limiting distribution of the sample covariances (suitably centered and normalized) is then
a stable law. These results were obtained under conditions that rule out long memory.
For infinite variance innovation with tail index a € (0,2), these results were extended to
long memory linear processes by [20]. The limiting distributions of the sample covariance
are again stable laws. However, if a € (2,4), [17] showed that as for partial sums, a
dichotomy appears: the limiting distribution and the rate of convergence depend on an
interplay between a memory parameter and the tail index «. The limit is either stable (as
in the weakly dependent or i.i.d. case) or, if the memory is strong enough, the limiting
distribution is non Gaussian but with finite variance (the so-called Hermite-Rosenblatt
distributions). If the fourth moment is finite, then the dichotomy is between Gaussian or
finite variance non Gaussian distributions (again of Hermite-Rosenblatt type); see [18], [17,
Theorem 3.3] and [30].

The asymptotic properties of sample autocovariances of GARCH processes have been
studied by [1]. Stable limits arise as soon as the marginal distribution has an infinite fourth
moment. [12] studied the sample covariance of a zero mean stochastic volatility process,
under implicit conditions that rule out long memory, and also found stable limits. [21]
(generalized by [19]) studied partial sums and sample variance of a possibly nonzero mean
stochastic volatility process with infinite variance and where the volatility is a Gaussian
long memory process (in which case it is not positive but this is not important for the
theoretical results). They obtained a dichotomy between stable and finite variance non
Gaussian limits, and also the surprising result that when the sample mean has a long
memory type limit, then the studentized sample mean converges in probability to zero.

The first aim of this article is to study asymptotic properties of partial sums, sam-
ple variance and covariances of stochastic volatility processes where the volatility is an
arbitrary function of a Gaussian, possibly long memory process {X;} independent of the
sequence {Z;}, which is a heavy tailed i.i.d. sequence. We refer to these processes as LMSV
processes. The interest of considering other functions than the exponential function is that
it allows to have other distributions than the log-normal for the volatility, while keeping
the convenience of Gaussian processes, without which dealing with long memory processes
becomes rapidly extremely involved or even intractable. The results we obtain extend in
various aspects all the previous literature in this domain.
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Another important aim of the paper is to consider models with possible leverage. To
do this, we need to give precise assumptions on the nature of the dependence between
the sequences {Z;} and {X;}, and since they are related in the process {Y;} through the
function o, these assumptions also involve the function 0. We have not looked for the widest
generality, but the functions o that we consider include the exponential functions and all
symmetric polynomials with positive coefficients. This is not a severe restriction since the
function o must be positive. Whereas the asymptotic theory for the partial sums is entirely
similar to the case of LMSV process without leverage, asymptotic properties of sample
autocovariances may be very different in the presence of leverage. Due to the dependence
between the two sequences, the rates of convergence and asymptotic distribution may be
entirely different when not stable.

The article is organized as follows. In Section 2 we formulate proper assumptions, as
well as prove some preliminary results on the marginal and multivariate tail behaviour of
the sequence {Y;}. In Section 3, we establish the limit theory for a point process based
on the rescaled sequence {Y;}. This methodology was first used in this context by [12]
and our proofs are closely related to those in this reference. Section 4 applies these results
to obtain the functional asymptotic behaviour of the partial sum process of the sequences
{Y;} and of powers. In Section 5 the limiting behaviour of the sample covariances and
autocorrelation of the process {Y;} and of its powers is investigated. Proofs are given in
Section 6. In the Appendix we recall some results on multivariate Gaussian processes with
long memory.

A note on the terminology

We consider in this paper sequences {Y;} which can be expressed as Y; = Z;0(X;), where
{Z;} is an i.i.d. sequence and Z; is independent of X; for each i. Originally, SV and LMSV
processes refer to processes where the sequences {Z;} and {o;} are fully independent and
o(x) = e*; see e.g. [0], [7], [12]. The names EGARCH and FIEGARCH, introduced
respectively by [22] and [5], refer to the case where o(z) = e” and where X; is a non
Gaussian process which admits a linear representation with respect to an instantaneous
function of the Gaussian i.i.d. sequence {Z;}, with dependence between the sequences {Z;}
and {X;}. [28] still consider the case o(z) = e”, but relax the assumptions on {Z;} and
{X;}, and retain the name EGARCH. The LMSV processes can be seen as border cases
of EGARCH type processes, where the dependence between the sequences {Z;} and {X;}
vanishes. In this article, we consider both LMSV models, and models with leverage which
generalize the EGARCH models as defined by [28]. In order to refer to the latter models,
we have chosen not to use the acronym EGARCH or FIEGARCH, since these models were
defined with very precise specifications and this could create some confusion, nor to create
a new one such as GEGARCH (with G standing twice for generalized, which seems a
bit too much) or (IV)LMSVwL (for (possibly) Infinite Variance Long Memory Stochastic
Volatility with Leverage). Considering that the main feature which distinguishes these two
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classes of models is the presence or absence of leverage, we decided to refer to LMSV models
when leverage is excluded, and to models with leverage when we include the possibility
thereof.

2 Model description, assumptions and tail behaviour

Let {Z;,i € Z} be an ii.d. sequence whose marginal distribution has regularly varying
tails: P(Z
>
lim 7( 0> 7)

z—o0 x*L(x)

P(Z, < —
=0, limi( 0 < —7)

oo x*L(x)

=(1-5), (1)

where a > 0, L is slowly varying at infinity, and § € [0, 1]. Condition (1) is referred to as
the Balanced Tail Condition. It is equivalent to assuming that P(|Zy| > z) = 2~“L(z) and

We will say that two random variables Y and Z are right-tail equivalent if there exists
¢ € (0,00) such that

I P(Y > )

im ——= =c¢

z—o0 P(Z > x)
If one of the random variables has a regularly varying right tail, then so has the other,
with the same tail index. The converse is false, i.e. two random variables can have the
same tail index without being tail equivalent.

Under (1), if moreover E[|Zy|*] = oo, then Z;Z, is regularly varying and (see e.g. [10,
Equation (3.5)])
P(Z,
lim M =0,
z—o0 P(ZyZy > 1)
lim ————~5=08=03"+(1—- .
We will further assume that {X;} is a stationary zero mean unit variance Gaussian process
which admits a linear representation with respect to a i.i.d. Gaussian white noise {n;} with
zero mean and unit variance, i.e.

Xi=> iy (2)
=1

with 3777, ¢5 = 1. We assume that the process {X;} either has short memory, in the sense

that its covariance function is absolutely summable, or exhibits long memory with Hurst
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index H € (1/2,1), i.e. its covariance function p,, satisfies
Pi = COV(X(], Xz) = Z CiCjti = 7:2H_2€(’i) y (3)
j=1

where / is a slowly varying function.

Let o be a deterministic, positive and continuous function defined on R. Define o; =
o(X;) and the stochastic volatility process {Y;} by

At this moment we do not assume independence of {7;} and {Z;}. Two special cases which

we are going to deal with are:

e Long Memory Stochastic Volatility (LMSV) model; where {n;} and {Z;} are inde-
pendent.

e Model with leverage; where {(n;, Z;)} is a sequence of i.i.d. random vectors. For fixed
i, Z; and X; are independent, but X; may not be independent of the past {Z;, j < i}.

Both cases are encompassed in the following assumption which will be in force through-
out the paper.
Assumption 1. The Stochastic Volatility process {Y;} is defined by
Yi=0iZ;

where 0; = 0(X;), {Xi} is a Gaussian linear process with respect to the i.i.d. sequence {n;}
of standard Gaussian random variables such that (2) holds, {(Zi,n;)} is an i.i.d. sequence
and Z satisfies the Balanced Tail Condition (1) and E[|Zy|*] = cc.

Let F; be the sigma-field generated by 7;, Z;, j < i. Then the following properties hold.

e /; is F;-measurable and independent of F;_1;

e X, and o; are F,_;-measurable.

We will also impose the following condition on the continuous function o. There exists
q > 0 such that
sup E[09(vXp)] < o0 . (5)
0<y<1
It is clearly fulfilled for all ¢, ¢’ if o is a polynomial or o(z) = e” and X, is a standard
Gaussian random variable. Note that if (5) holds for some ¢ > 0, then, for ¢ < ¢/2, it
holds that

sup E Uq,(vXo)aq/(va)] <00, s=1,2,...
0<h<1
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2.1 Marginal tail behaviour

If (5) holds for some ¢ > «, then clearly E[o?9(X,)] < co. Since for fixed i, X; and Z; are
independent, Breiman’s lemma (see e.g. [23, Proposition 7.5]) yields that the distribution
of Yy is regularly varying and
. P(Yy>x) . P(Yy < —x)
lim ———= = ———— =E[c%(X)y)] .
A P> ) e P(Zy < —z) 10 (Ko ©)

Thus we see that there is no effect of leverage on marginal tails. Define
a, = inf{z : P(Yy > z) < 1/n} . (7)

Then the sequence a, is regularly varying at infinity with index 1/a. Moreover, since o is
positive, Zy and Y, have the same skewness, i.e.

lim nP(Yy > a,) =1 — lim nP(Yy < —a,) =75 .

n— oo n—oo

2.2 Joint exceedances

One of the properties of heavy tailed stochastic volatility models is that large values do
not cluster. Mathematically, for all h > 0,

P(|Yo] > a, [Ya| > 2) = o(P(|Yo| > x)) . (8)
For the LMSV model, conditioning on oy, o, yields

lim P(|Yo| > =, |Yn| > )

o500 P2(|Zo| > ) = E[(000n)"], 9)

if (5) holds for some ¢ > 2a. Property (8) still holds when leverage is present. Indeed,
Potter’s bound (cf. e.g. [23, Proposition 2.6(ii)]) yields for all x > 1 and a generic
constant C'

P(Yo>z,Y,>2) _ [P(Z>x/oh)
P(Zy > ) B P(Zy > )

1{Y0>:c} < CE [(1 V O’h)a+€1{y0>x}} .

If (5) holds for some g > «, then by bounded convergence, the latter expression converges
to 0 as r — oo.

2.3 Products

For the LMSV model, another application of Breiman’s Lemma yields that Y,Y}, is regularly
varying for all h. If (5) holds for some ¢ > 2« then

_ P(YoYh > ) _ P(Y,Y, < —1)
lim 0 h Y _ g o, 1
Wz s )~ o)l i e

= E[(o004)"] - (10)

7
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For further reference, we gather in a Lemma some properties of the products in the LMSV
case, some of which are mentioned in [12] in the case o(z) = e”.

Lemma 2.1. Let Assumption 1 hold and let the sequences {n;} and {Z;} be mutually
independent. Assume that (5) holds with ¢ > 2a.. Then YyY] is tail equivalent to ZyZy and
has reqularly varying and balanced tails with index oo. Moreover, for all h > 1, there exists
real numbers dy(h), d_(h) such that

i e 40 B B =
Let b, be defined by
b, = inf{z : P(|YoY1| > z) < 1/n} . (12)
The sequence b, is reqularly varying with index 1/ca and
a, = o(by) . (13)
For alli # 7 > 0, it holds that
i (V3| > ay [YoY] > byz) =0, (14
Tim nB(YoYi] > b [Ye;] > br) = 0. (15)

The quantities d; (h) and d_(h) can be easily computed in this case.

Elo®(Xo0)o®(Xn)]
E[oe(Xo)o(X1)]

E[o®(Xo)o™(Xn)]

dy(h) = {6*+ (1 - B)*} Elo(Xo)o®(X1)]

. d_(h) =28(1— B)

When leverage is present, many different situations can occur, obviously depending on
the type of dependence between Z, and 7, and also on the function o. We consider the
exponential function o(z) = e, and a class of subadditive functions. In each case we give
an assumption on the type of dependence between Z; and 1y that will allow to prove our
results. Examples are given after the Lemmas.

Lemma 2.2. Assume that o(x) = € and e Zy is tail equivalent to Zy for all ¢ € R.
Then all the conclusions of Lemma 2.1 hold.

Lemma 2.3. Assume that the function o is subadditive, i.e. there exists a constant C' > 0
such that for all x,y € R, o(z +y) < C{o(x) + o(y)}. Assume that for any a,b > 0,
o(a& + bno)Zy is tail equivalent to Zy, where & is a standard Gaussian random variable
independent of ny, and o(bny)Zy is either tail equivalent to Zy or E[{o(bny)Zo}? < oo for
some q > «. Then all the conclusions of Lemma 2.1 hold.

Ezxample 2.4. Assume that Z, = |770|_1/an with a > 0, where Uj is independent of ny and
E[UJ] < oo for some ¢ > «. Then Z is regularly varying with index —a.

8
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e Case o(x) = e”. For each ¢ > 0, Zpe“™ is tail equivalent to Z;. See Lemma 6.1 for a
proof of this fact.

e Case o(z) = 2. Let £ be a standard Gaussian random variable independent of 7
and Zy. Let ¢ € (o, g A {a/(1 —2a)+}). Then

E[o? (bno)| Zo| 7] = bV E[|no|* @) |Up| 7] < oo.
Furthermore,
o(a& 4 bno) Zy = a*€* Zy + 2abEsign(ny) |no| Uy + b o>~V 2Uy .

Since ¢ is independent of Z; and Gaussian, by Breiman’s lemma, the first term in
the right hand side of the previous equation is tail equivalent to Z,;. The last two
terms have finite moments of order ¢’ for some ¢’ > «, thus they do not contribute
to the tail. Thus the assumptions of Lemma 2.3 are satisfied.

Ezample 2.5. Let Z| have regularly varying balanced tails with index —c, independent
of ng. Let WUy(-) and Wy(+) be polynomials and define Zy = ZyWi(ny) + Wa(ny). Then, by
Breiman’s Lemma, Z is tail equivalent to Z|, and it is easily checked that the assumptions
of Lemma 2.2 are satisfied and the assumptions of 2.3 are satisfied with o being any
symmetric polynomial with positive coefficients. We omit the details.

3 Point process convergence

For s = 0,...,h, define a Radon measure \; on [—oo, o0] \ {0} by

Mo(dz) = a {827 Lge0) (@) + (1 = B)(=2) " (oo (2) } dz
As(dz) = o {di(s)2 (g 00) (@) + d_(s)(—2) """ Lo o)(2) } du .

Define also a Radon measure v, on [0, 1] x [—o0, 00] \ {0} by
vs(dt, dz) = dt A\s(dx) .

Set Y, = (a,'V;, 0,1 YiYii1,...,b,'Y;Yiyp), and let N, be the point process defined on

[0, 1] x ([=o00, 00]" 1\ {0}) by

N, = Z O(i/n,Yna) »
i=1

where 0, denotes the Dirac measure at x.

Our first result is that for the usual univariate point process of exceedances, there is no
effect of leverage. This is a consequence of the asymptotic independence (8).

9
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Proposition 3.1. Let Assumption 1 hold and assume that o is a continuous function
such that (5) holds with g > . Then Y211 6¢i/nvi/ay) CONVErges weakly to a Poisson point
process with mean measure vy.

For the multivariate point process N,, we consider first LMSV models and then the
models with leverage.

3.1 Point process convergence: LMSV case

Proposition 3.2. Let Assumption 1 hold and assume that the sequences {n;} and {Z;}
are independent. Assume that the continuous volatility function o satisfies (5) for some

q > 2a. Then
h oo
Ny = Z Z(S(tkyjk,iei)’ (16)
i=0 k=1
where Y 11 Oty gno)s - - -5 D oneet Otngnn) @€ independent Poisson processes with mean mea-
Sures Vo, ..., Vs, and e € Rh+1 is the i-th basis component. Here, = denotes convergence

in dz’stm’bution in the space of radon point measures on (0, 1] x [—o0o, 0o]"™1\ {0}) equipped
with the vague topology.

3.2 Point process convergence: case of leverage

Proposition 3.3. Let Assumption 1 hold. Assume that o(x) = €* and Zye™ is tail
equivalent to Zy for all c. Then the convergence (16) holds.

Proposition 3.4. Let Assumption 1 hold. Assume that the distribution of (Zy,no) and the
function o satisfy the assumptions of Lemma 2.3 and moreover
lo(z+y) —o(z+2)] < Clo(x) vV 1){(o(2) V1) + (0(2) V1) }Hy — 2| . (17)
Assume that condition (5) holds for some q > 2a. Then the convergence (16) holds.
The condition (17) is an ad-hoc condition which is needed for a truncation argument
used in the proof. It is satisfied by all symmetric polynomials with positive coefficients.

(The proof would not be simplified by considering polynomials rather than functions sat-
isfying this assumption.)

4 Partial Sums

Define
] ]
Su(t) = Yi, Spalt) =D |Vl
i=1 i=1
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For any function g such that E[g?(ny)] < oo and any integer ¢ > 1, define

Jo(9) = E[Hy(n0)g(no] ,

where H, is the ¢-th Hermite polynomial. The Hermite rank 7(g) of the function g is the
smallest positive integer 7 such that J.(g) # 0. Let R, g be the so-called Hermite process
of order 7 with self-similarity index 1 —7(1 — H). See [2] or Appendix A for more details.

Let 2 denote convergence in the Skorohod space D([0,1],R) of real valued left-limited
right-continuous functions endowed with the J; topology, cf. [29].

Theorem 4.1. Let Assumption 1 hold and assume that the function o is continuous and (5)
holds for some q > 2.

(i) If 1 < a < 2 and E[Zy] = 0, then a,;'S, converges weakly in the space in the space
D([0,1),R) endowed with Skorohod’s Jy topology to an «-stable Lévy process with
skewness f3.

Let 1, be the Hermite rank of the function o®.
(1)) If p<a<2pandl—r71,(1 —H) < p/a, then

4;7(Spn — NE[Yo"]) 2 Layy , (18)

n

where Ly, is a totally skewed to the right a/p-stable Lévy process.
(1)) If p<a <2pand1—71,(1 — H) > p/a, then

J-(0)E[|Z1]"]

1 D
nL T (S, — B[] B 2T
y

Rou. (19)

(iv) If p > «, then a,PS,, £ Leyp, where Loy is a positive o/ p-stable Lévy process.

Note that there is no effect of leverage. The situation will be different for the sample
covariances. The fact that when the marginal distribution has infinite mean, long memory
does not play any role and only a stable limit can arise was observed in a different context

by [L1].

5 Sample covariances

In order to explain the nature of the results and the problems that arise more clearly, we
start by considering the sample covariances of the sequence {Y;}, without assuming that

11
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E[Zo] = 0. Let Y, denote the sample mean, m = E[Z], uy = E[Yy] = mE[oy] and define
the sample covariances by

() = - S (% = Yo (Vi — o)
i=1
Define
Co(s) = & ni: Yy,
n _‘TLi:1 1L14s -
Then,

50(5) = 4(3) = Cu(s) — B3] + 2 — V2 + Op(1/n) .

Under the assumptions of Theorem 4.1, Y. — 2 = Op(a,). We will see that this term
will never contribute to the limit. Consider now C,(s). Recall that F; is the sigma-field
generated by (n;, Z;), j < i and define

S E[Xi—l—s ‘ -Fi—l] ] >
B var(E[ X s | Fiz1]) = Ss Z CiMits—j

j=s+1

with ¢Z = >°°2 ; ¢5. Then there exist a function K defined on R? such that

E[YoY, | F_i] — E[YoYi] = K (Xo, X3) . (20)

Since Zg is independent of F,_1, it is clear that if m = E[Z,] = 0, then the function K is
identically vanishing. We next write

1 & 1 & ) 1 1
Cu(s) = E[YoY] = = > {¥i¥ipa = EYiYies | Fialb o+ = 3 K(XG, X7) = — Mo + =T,
i=1 1=1

The point process convergence results of the previous section will allow to prove that
b, M, has a stable limit. If m = E[Z] = 0, then this will be the limit of b, *(C,(s) —
E[YyYs]), regardless of the presence of leverage, provided the point process convergence can

be proved. We can thus state a first result. Let 2 denote weak convergence of sequences
of finite dimensional random vectors.

Theorem 5.1. Under the assumptions of Propositions 3.2, 3.3 or 3.4,

by, (3 (1) = 7(1), -+ An(h) = (R)) % (Lrv... La)

where L1, ..., Ly are independent a-stable random variables.

12
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This result was obtained by [12] in the (LM)SV case for the function o(x) = e* and
under implicit conditions that rule out long memory.

We continue the discussion under the assumption that m # 0. Then the term T, is
the partial sum of a sequence which is a function of a bivariate Gaussian sequence. It can
be treated by applying the results of [2]. Its rate of convergence and limiting distribution
will depend on the Hermite rank of the function K with respect to the bivariate Gaussian

A

vector (Xo, X§), which is fully characterized by the covariance between Xy and X,

oo
s\ —1 R |
cov(Xo, X3) =i 3 cieirs = s
j=s+1

LMSYV case

Since in this context the noise sequence {Z;} and the volatility sequence {o;} are indepen-
dent, we compute easily that
K(z,y) = m*o(2)E[0(as¢ + csno + ssy)] — m*Elo(Xo)o(X5)]

1 . . . .
where a? = ijl c? and ¢ is a standard Gaussian random variable, independent of 7.

Thus, the Hermite rank of the function K depends only on the function o (but is not
necessarily equal to the Hermite rank of o).

Case of leverage

In that case, the dependence between 7y and Z; comes into play. We now have
K(x,y) = mo(x)E[o(asC + csno + ssy) Zo| — mE[o(Xo)o(Xs) Zo] -

and now the Hermite rank of K depends also on Z,. Different situations can occur. We
give two examples.

Ezample 5.2. Consider the case o(z) = e”. Then

EY,Y; | Foi] = E[ZoZ,e*X0e™ | Fy] = mE[Zoecsm]E[eZ;;%cjnsfj]eXOHSXg -

Denote m = E[Zye®™] and note that E[er;}cjns,j] /2. Thus
K(:L’, y) = mm e“3/2{ex+§sy _ E[eXo-i-chg]} .

If E[Zy] = 0 or E[Zye®™] = 0, then the function K is identically vanishing and 7,, = 0.
Otherwise, the Hermite rank of K with respect to (XO,XS) is 1. Thus, applying |2,
Theorem 6] (in the one-dimensional case) yields that n='p, V2, converges weakly to a
zero mean Gaussian distribution. The rate of convergence is the same as in the LMSV case
but the asymptotic variance is different unless E[Zye® 0] = E[Z,]E[e®™].

13
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Ezample 5.3. Consider o(z) = 2. Denote X7 = a ! Zj: ¢jNits—j- Then
E[YoYs | Foi] = E[ZoZ,X5 (a;s X5 + X5 + csmo)? | Foi]

— ng {agm + CSE[Z(mg] + gsm(f(os)2 + 2gscsE[Z0n0]X§} )
Thus

K(z,y) = som?(z?y® — E[XZ(X3)?]) + 25,csmE[Zomo) {=%y — E[X2X]}
+ (a*m? + comE[Zong]) (#* — 1)

A

and it can be verified that the Hermite rank of K with respect to (Xo, X§) is 1, except if
E[Zyno] = 0, which holds in the LMSV case. Thus we see that the rate of convergence of
T, depends on the presence or absence of leverage. See Example 5.7 for details.

Let us now introduce the notations that will be used to deal with sample covariances of
powers. For p > 0, define m, = E[|Z|P], v,(s) = cov(|Yol, |Ys]), Yo, =n 1> 0, Y|P and

A 1 n—s - ~
Tpnls) = — DYl = Vo) ([YirsP = V) -
i=1
Define the functions K* (LMSV case) and K (case with leverage) by
Ky (2, y) = myo”(2)E[0”(as¢ + csmo + ssy)] — mpElo” (Xo)o? (X)), (21)
Kj(w,y) = mpo? (2)E[0” (asC + csno + <sy)| Zol"] — mpElo” (Xo)o? (Xi)| Zol”] . (22)

5.1 Convergence of the sample covariance of powers: LMSYV case

Theorem 5.4. Let Assumption 1 hold and assume that the sequences {n;} and {Z;} are
independent. Let the function o be continuous and satisfy (5) with ¢ > 4. Let 7 be the
Hermite rank with respect to a bivariate Gaussian vector with standard marginal distribu-
tions and correlation <; v, of the bivariate function K defined by (21).

o If1—7:(1—H)<p/a, then

nb,”(Bpn(1) = (1), Apn(h) = 1p(h) 5 (Lr, -, La)
where Ly, ..., L, are independent a/p-stable random variables.
o If1—73(1—H)>p/a, then

-1 /2, A ~ % «
o0 (1) = (1), - A () — 4p(R)) 5 (G, GE) |

where the random vector (G5, ..., G}) is Gaussian if 7 = 1.

14
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5.2 Convergence of sample covariance of powers: case of leverage

Theorem 5.5. Let the assumptions of Proposition 3.3 or 3.4 hold and assume that (5)
holds for some q > 4. Let 7'; be the Hermite rank with respect to a bivariate Gaussian
vector with standard marginal distributions and correlation ¢ ', of the bivariate function
K] defined by (22).

o If1—7!(1—H) <p/a, then

b, (A1) = (1), -, A () — () % (L1, Ln)

where Ly, ..., L, are independent a/p-stable random variables.

o If1—7!(1—H)>p/a, then

SN R
o2 (Fpn(1) = (1), - Apn(h) = (R)) 2 (G, G

where the random vector (G, ..., G1) is Gaussian if =1

The main difference between Theorems 5.4 and 5.5 is the Hermite rank considered.
When stable convergence holds, the rates of convergence and the limits are the same.
Otherwise, the rates and the limits may be different.

Ezxample 5.6. Consider the case o(z) = e”. As we have seen above, it always holds that
7'; = 1. Thus, under the assumptions of Theorem 5.5, we have

o If H < p/a, then nb, ' {#,.(s) —7,(s)} converges weakly to a stable law.

o If H > p/a, then pgl/z{%,n(s) — Yp(s)} converges weakly to a zero mean Gaussian
distribution.

The dichotomy is the same as in the LMSV case, but the variance of the limiting distribu-
tion in the case H > p/a is different except if E[Zye®] = E[Z,|E[e®™].

Example 5.7. Consider the case o(z) = z? and p = 1. Assume that E[n;]|Z;|] # 0. Then
71 = 1 whereas 7, = 2, thus the dichotomy is not the same as in the LMSV case and the
rate of convergence differs in the case H > 1/a.

o If H < 1/, then nb,'{#,.1(s) —71(s)} converges weakly to a stable law.

o If H > 1/«, then p;1/2{%71(8) — v1(s)} converges weakly to a zero mean Gaussian
distribution.

If we assume now that E[n;|Z;|] = 0, then 7 = 7, = 2. thus the dichotomy is the same as
in the LMSV case, but the limit distribution in the non stable case can be different from

the LMSV.

15
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o If 2H — 1 < 1/, then nb, ' {¥1.,(s) —71(s)} converges weakly to a stable law.

o If 2H — 1 > 1/a, then p, ' {51..(s) — 71(s)} converges weakly to a zero mean non
Gaussian distribution.

If moreover E[H,(n)|Z1]] = 0, then the functions K and K| are equal, and thus the
limiting distribution is the same as in the LMSV case.

6 Proofs

Lemma 6.1. Let Z be a nonnegative random variable with a reqularly varying right tail
with index —a, a > 0. Let g be a bounded function on [0,00) such that lim, . g(z) = c €
(0,00). Then Zg(Z) is tail equivalent to Z:

L B(Zy(2) > x)
zsoo  P(Z > 1)

_ L«

Proof. Fix some € > 0 and let x be large enough so that |¢g(Z) —c|/c < e. Then Zg(Z) > z
implies that (1 —¢€)Z < Zg(Z) < (14 ¢€)Z. Thus, for x large enough,

P(1—€)Z >a/c) <P(Zg(Z)>z)=P((1+€)Z >z/c).
This yields

P(Z9(Z) > x) P(Z9(Z) > x)

— %Y < lim <1 < QLo
(1 —e)% _hir_l)golf B(Z > 1) _h;llsoljp P(Z > 1) < (1+¢e)%
Since € is arbitrary, we obtain the desired limit. O

Proof of Lemma 2.1. Under the assumption of independence between the sequences {Z;}
and {n;}, as already mentioned, Yy is tail equivalent to Zy and YY), is tail equivalent to
ZoZy for all h. The properties (11), (12), (13) are straightforward. We need to prove (14)
and (15). Since Z; is independent of o; and Z;, applying Potter’s bound, we have

mn bn
nB(|Yo| > anz, [YoY;| > buz) = nP <|ZO| > ﬂ{w( ’ )})
g0

antZj

. Z a+te
U(?JFE{(L Z] ]>/\1} ]—>0

by bounded convergence, since a, /b, — 0. This proves (14). Next, to prove (15), note
that |Y;|AY;] < (0;Vo;)(|Zi| N|Z;]), thus the moment condition (5) implies that E[(o;Z; A
0;7;)*"] < oo for 0 < € < . Thus, applying Potter’s bound,
P(‘YE]Y;‘ >, ‘YE]YH > .CL’) = P(Z(](O'ZZZ VAN O'ij) > LU/O'())
< CP(Zy > 2)Eog™ (03 v 03) JE[(1Zi] A 1Z5)*7T -

< CE
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The expectation E[o§™(c; Vo;)*] is finite, since assumption (5) holds with ¢ > 2a. Since
P(|Zo| > x) = o(P(|Z1Z5| > x)), this yields (15) in the LMSV case. O

Proof of Lemma 2.2. It suffices to prove the lemma in the case where the random variables
7y are nonnegative. By Assumption, e 7 is tail equivalent to Zy. Thus, by the Corollary
in [14, p. 245] Zye™ 7}, is regularly varying with index « and tail equivalent to ZyZ,. Since
E[Z§] = oo, it also holds that P(Zy > x) = o(P(e*™ ZyZ, > x)), cf. [10, Equation (3.5)].
Define X, = Zz‘;m;&h ckNh—k- Then X, is independent of Zy, 19 and Z),. Since YY) =
eXotXn Zoeh™ 7, we can apply Breiman’s Lemma to obtain that Y;Y} is tail equivalent to

Zpe™ 7y, hence to ZyZ;. Thus (13) and (11) hold with

R E[ea(X0+Xh)] R E[ea(X0+Xh)]

dy(h) = ﬁm , d_(h)=(1- ﬁ)m :

where B is the skewness parameter of Zye™ 7.

We now prove (15). For fixed 7, j such that 0 < i < j, define

0; = U(Xi) = exp < Z Ckﬁi—k) , Oij = U(Xi,j) = eXp ( Z Ckﬁj—k) .

k=1,k#i k=1,k#j,5—1i
Denote Z§ = Zye™ and V; = %~ Then

P(YoY; > x,YoY; > @) = P(006:257; > x| 006i,;Z5e =" Z; > x}
< P(0o(6: V 6:,)(Z8 + Z(Z: ANViZ;) > ) .

Now, (Z; AV;Z;) is independent of 0o(6; \V &;;)(Zi + Z3), which is tail equivalent to Zy by
assumption and Breiman’s Lemma. Thus, in order to prove (15), we only need to show
that for some 6 > «, E[(Z; A V;Z;)°] < co. This is true. Indeed, since E[V}7] < oo for all
q > 1, we can apply Holder’s inequality with ¢ arbitrarily close to 1. This yields

E[(Zi A ViZy)’] < B[V Vi)’ (Zi A Z;)°) < EYVP[(1V V)P EY[(Zi A Z;)") -

The tail index of (Z; A Z;) is 2a, and thus EY9[(Z; A Z;)%] < oo for any ¢ and § such that
q0 < 2a. Thus E[(Z; A ViZ;)°] < oo for any § € (,2a) and (15) holds. The proof of (14)
is similar. O

Proof of Lemma 2.3. We omit the proof of the regular variation and tail equivalent between

oY), and ZyZ; which is a straightforward consequence of the assumption. We prove (15).
Using the notation of the proof of Lemma 2.2, by the subadditivity property of o, we have,
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for 7 >4 > 0, and for some constant C,

P(YoY; > z, VoY, > x)
= P(ooo (X, + cino) ZoZi > x, 000(X,j + ¢no + ¢;_imi) ZoZ; > x}
< P(CooZo{o(X:) + o(cimo) Ho(Xiy) + o(cjmo) + o(cj—m) }(Zi A Z;) > )
< P(CooZoo (X))o (Xi)(Zi A Z;) > x) + P(CogZoo (X))o (cjmo)(Zi A Z;) > )

~

+ P(CooZoo (X;)o(cj—ini)(Zi N Z;) > ) + ]P)(CO'QZ()O'(CiT]())O'(XZ’J)(Zi NZj) > x)
+ P(CO’()Z(]O'(CZ'T]())O'(CJ'U())(ZZ‘ A ZJ) > LU) -+ P(CO’()Z(]O'(CZ'T]())O'(CJ'_Z'T]Z')(ZZ' A\ ZJ) > LE‘) .

Now, under the assumptions of the Lemma, each of the last six probabilities can be ex-
pressed as IP’(Z U > x), where Z is tail equivalent to Zy and U is independent of Z and
E[UY] < oo for some ¢ > «. Thus, by Breiman’s Lemma, ZU is also tail equivalent to Zy,
and thus P(YyY; > 2, Y, > ) = O(P(Zy > x) = o(P(|YoY31| > x), which proves (15). O

6.1 Proof of Propositions 3.1, 3.2, 3.3 and 3.4

We omit some details, since in fact it is a slight modification of the proof of Theorems 3.1
and 3.2 in [12], adapted to a general stochastic volatility with leverage and long memory
setting. Note that the proof of [12, Theorem 3.2| refers to the proof of Theorem 2.4 in [§]
which uses (2.8) in Lemma 2.3, which assumes (2.6), which rules out long memory.

The proof is in two step. In the first step we consider an m-dependent approximation
X of the Gaussian process and prove point-process convergence for the corresponding
stochastic volatility process Y (™ for each fixed m. Following the proof of [12, Theorem 3.1],
we must prove that Equations (3.3) and (3.4) therein hold in the present context which
includes both long memory and leverage.

Let Xi(m) = > e Mk ym = U(Xi(m))Zi and define accordingly YSZ). We must

prove the following two conditions.

P(Y €) S v, (23)
[n/k]
lim limsup n Z E[g(Yﬁﬁ))g(Y%))] =0 (24)

k=00 psoo -
=2

where v, is the mean measure of the limiting point process and (24) must hold for any
continuous bounded function g, compactly supported on [0, 1] x [—o0, 0o]" \ {0}.

The convergence (23) is a straightforward consequence of the joint regular variation
and asymptotic independence (15) of YyYi, ..., YyY,. Let us prove (24). Note first that,
because of asymptotic independence, for any fixed 1,

lim nE[g(Y)g(Y!")] = 0.

n n,t
n—00 )

18
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Next, by m-dependence, for each k, as n — oo, we have

[n/k] [n/k]
no Y Eg(YDe(YI) =n Y Elg(YYY)EG(Y)
1=2+m-+h 1=2+m-+h

o b (rElov Y - (faa)

This yields (24). Thus, we obtain that

n h o
Z 6(2/H,Y7(,:z)) = Z Z tk -]k 1 el
i=1

=1 k=1
where Zk 1 (t my» Zk L0  j0my are independent Poisson processes with respective
mean measures ot
Xom(dz) = a {6:5_0‘_11(0700)@) +(1— 5)(—:5)_0‘_11(_00,0) (a:)} dx | (25)
Asn(dz) = a {d](s)37 " g aey(@) + d7(5)(—2) " 'L (Loo)(2) } da | (26)

where the value of d'}'(s) and d”(s) depend on the process considered.

To conclude the proof, we must now show that the measures \;,, converge vaguely
to the measures \;, i = 0, ..., s, and that the m-dependent approximation {Xi(m)} can be
replaced by the original sequence {X;}. Following the proof of [12, Theorem 3.3], it suffices
to show that for all € > 0,

lim limsup nP(a,*|Yy — Yo(m)| >e)=0, (27)
m—=00 p—oo
lim lim sup nP (b;lnfoys —ymym) €> . (28)
M= poo

We now split the proof between the LMSV case and the leverage case.

LMSYV case
In this case, we have

Elo®(XJ™)o(X™)]
E[0°(Xo)o* (X,)]

Elo®(X)o(X™)]

Epa(Xooa(xy] ) = d-)

a7 (s) = di (s)

and to prove that A, converge vaguely to A;, s =0, ..., s, it suffices to prove that d7(s)
and d™(s) converge to d, (s) and d_(s), respectively. Define

Wy = o(X™) = 0(Xo) s Wins = o(X§™)o (X)) = 0(X))o (X1 1s) -
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Continuity of ¢ implies that W,, £ 0 and Win.s £ 0 as m — oo. Under the Gaussian

assumption, X (™ < um X for some u,, € (0,1), thus if (5) holds for some ¢’ > «, then it
also holds that

sup E[o? (X™)] < 0o

m>1

hence W, converges to 0 in L? for any ¢ < ¢'. Likewise, since assumption (5) holds for
some ¢ > 2a, W, s converges to 0 in L9 for any ¢ < ¢'. Since |W,,| and |W,, 5| converge
to 0 in L, we obtain that d7'(s) and d™(s) converge to the required limits. This in turn
implies the weak convergence of point processes

> )
Zétm ,(c";) jzé(tkvjk,s)v s=0,...,h.
k=1 k=1

We now prove (27) and (28). First, since Yy and Z, are tail equivalent, by Breiman’s
Lemma, we have

limsup nP(a;, 'Yy — Y{™| > €) < limsup nlP (a; ' Zo||[Wyn| > €) < Ce “E[W,,[°], (29)

n—oo n—oo

which converges to 0 as m — oo. Since ZyZ, is tail equivalent to YyYi, by another
application of Breiman’s Lemma, we obtain, for s =1,... h and € > 0,

limsup P(b!|YpY, — Y™ Y™| > €) < limsup nP (b, ZoZs||[Wins| > Ce) < € “E[|Win|°]

n—00 n—00
(30)

which converges to 0 as m — oo. This concludes the proof in the LMSV case.

In the case of leverage, the proof of (27) is the same as previously. To prove, (28), we
split the proof between the cases o(z) = e* and ¢ subadditive.

Case of leverage, o(z) = e”

Define X, = Z;‘;L#S ¢jns—; and xm = Z?ZL#S CiMs—j-

Wio = X0t — X457
m,s .

As previously, we see that Wms converges to 0 in L? for some g > «. Thus, we obtain that

Z O /my(my = Z Z Oty (™ey)

s=0 k=1
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o0 o0 . . . .
where > 7~ 5(%].%)), D 5(tk,j£”,?) are independent Poisson processes with respective

mean measures Ao ,(dzr), s = 0,...,h, defined in (25)-(26) with the constant d;(s) and
d_(s) that appear therein replaced by

Efec(Xs™ +X)] E[ec (X6 +X™)]

di(s) = dy(s) , d7(s) =d_(s)

]E[ea(XO-l'Xs)] E[ea(X0+Xs)]

Since |W,,, s| converges to 0 in L?, we obtain
’ Y

Z 5(tk7]£:7;)) :> Z 5(tk?7jk:,s) Y S = 07 e eey h .
k=1 k=1
Then, for s =1,...,h, we obtain, with Zg — Zoe™for € > 0,

lim sup nP (b;1|Y0YS —ymym) 5 e) — lim sup 7P (b;1|ZOZg||V’“Vm,S| > e) < CE[|[Wpns|°]

n— o0 n— o0

which converges to 0 as m — oco. This proves (28) and concludes the proof in the case of
leverage with o(z) = e”.

Case of leverage, o subadditive

We have to bound
nP(| ZoZy||o(Xo)o(Xs) — o(X™ Vo (X ™| > eby,) .
It suffices to bound two terms

Li(n,m) = nP(|ZZs||o(Xo) — o(XS™)|o(X™) > eby)

s

L(n,m) = nP(|ZoZ|o(Xo)|o(Xs) — a(X™)| > eb,,) .

s

Recall that X{™ = xX{™ + csmo and X, = X, + ¢s10. By subadditivity of o, we have, for
some constant o,

Ii(n,m) <nP(|ZoZ||o(Xo) — o(X{™)|o(X™) > Ceb,)
+nP(| Zo Zy||0(Xo) — o(XS™)|o(cono) > Seby,) -

Since ZoZ, is independent of |o(Xg) — o(X{™)|o(X!™) and tail equivalent to YpY;, we
obtain

lim sup nP(| 2o Z, o (Xo) = (Xg™) o (X)) > beby,) < CeE[|o(Xo)—o (Xg™)|*o* (X)) .

S
n—oo

Since we have already seen that O’(Xém)) converges to o(Xp) in L®, the latter expression
converge to 0 as m — oo. Since by assumption o(csn)|ZoZs| is either tail equivalent to
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| ZoZs| or Elo?(csno)| ZoZs|9] < oo for some ¢ > «, and since it is independent of |o(Xy) —
o(X5™)|, we obtain that
lim sup nP(0 (cs10)| Zo Zs||o(Xo) — o(X§™)| > €by) = ce “E[lo(Xo) — o(X§™)|°).

n— o0

where ¢ = 0 in the latter case. In both cases, this yields

lim lim sup nP(o(csno)| ZoZs||o(Xo) — o(XI™)| > eb,) = 0.

m—o0 p oo

Thus we have obtained that lim,, ., limsup,,_,. I;(n,m) = 0.

For the term I(n,m) we use assumption (17) with z = ¢, y = X, and z = xm.
Thus

Iy(n,m) < nP(|ZoZs|(o(csmo) V 1) W.s > €by).
with
Wins = 0(Xo){(0(X,) V 1) + (o(XI™) v 1)} X, = X

Note that Wms is independent of | ZyZs|(o(csmo) V1) and Wm,s converges to 0 when m — oo
in L7 for some q > «. Since |ZyZ4|o(csnp) is tail equivalent to |YyY7| or has a finite moment
of order ¢ for some ¢ > a, we have

lim sup nP(| ZoZs|(0(csno) V )W,y > €by) < CE[WE]

n— oo

where the constant C' can be zero in the latter case. In both cases, we conclude

lim limsup nP(|ZoZs|(o(csno) V 1) Wi s > €b,) =0 .

m—o0 poo

6.2 Proof of Theorem 4.1

We start by studying .S, ,. Write

[nt] [nt] [nt]
> (Vi —E[YOl]) = Y- (Vi ~E[¥iPIFa]) + ) (E[YiPIFa] - E[YP)

=: M,(t) + R,(1) .

Note that E[|Y;|?|Fi—1] = E[|Z|P]o?(X;) is a function of X; and does not depend on Z;.
Applying [2, Theorem 6], for 7,(1 — H) < 1/2 we have
n J (0")E[Z1]"]

nlpi2p, 2 - Rou. (31)
)
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If 7,(1 — H) > 1/2 then [2, Theorem 4], we obtain
n~2R, 2 CE[|Z"|B (32)

where B is the standard Brownian motion and ¢* = var(o?(Xp))+2 > oo, cov(o?(Xp), o?(X;)).
We will show that under the assumptions of Theorem 4.1 we have,

a;?M, 2 Loy, . (33)

The convergences (31), (32) and (33) conclude the proof of the theorem. We now prove (33).
The proof is very similar to the proof of the convergence of the partial sum of an i.i.d. se-
quence in the domain of attraction of a stable law to a Lévy stable process. The differences
are some additional technicalities. See e.g. [23, Proof of Theorem 71| for more details. For
0 < e < 1, decompose it further as

[nt]

M, (t) = Z {IVilP1vij<eant — E [[YilP1yvi <cant| Fiz1] }
i=1

]
) Vil Lgyisean — E (VP Lgyisean | Fict] } = MO () + MO(t) .
=1

The term Mr(f)(-) is treated using the point process convergence. Since for any € > 0,
the summation functional is almost surely continuous from the set of Radon measures on
0, 1] x [¢, 00) onto D([0, 1], R) with respect to the distribution of the Poisson point process
with mean measure 1 (see e.g. [23, p. 215]), from Proposition 3.1 we conclude

[n-]

_ D .
@Y il lgyiseany = > ikl Lgsse (34)
i=1 t<(")

in D([0,1],R). Taking expectation in (34) we obtain

lim [nt]a;7E [|Yol" 1y seany] = ¢ / [P Ao (d) (35)
{x:|z|>e}

n—oo

uniformly with respect to ¢ € [0, 1] since it is a sequence of increasing functions with a
continuous limit. Furthermore, we claim that

[nt]

@ | B Yo Lwiisean] — E [V Liyisean | Fia] }| 50, (36)

1=1

uniformly in ¢ € [0,1]. We use the variance inequality (43) to bound the variance of the
last expression by

_ _ 2
ar, P [nt]? pag var (E[|Y1]P1(vs 15 eant | Fol) < ay, P [nt]? pyyE [(E[|Y1|p1{|m>mn}|f0]) } :
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If p < a < 2p, by Karamata’s Theorem (see [23, p. 25]) and Potter’s bound,

Fyleay/o(2)

< On~tabo®t(z) .

E[o? (2)| 211" 1{o(@) 21 |>cany] < Cn'al,

Since by assumption E[o?*"2¢(X;)] < oo for some € > 0, for each ¢, we have

[nt]
var | a,” Y {E [[Yol Lgvoiseany] — B [[YilPLviseant | Fia] }
=1
S Cn—Z[nth[nﬂ S Cn2—2H+et2H—e 7 (37>

where the last bound is obtained for some € > 0 by Potter’s bound. This proves convergence
of finite dimensional distribution to 0 and tightness in D([0, 1], R). As in [23, p. 216], we
now argue that (34), (35) and (36) imply that

a;pM,(f) 2 LS/)p ,

(38)

and it also holds that Lae/)p 2 L., as € — 0. Therefore, to show (33) is suffices to show

the negligibility of a;er(f). By Doob’s martingale inequality we evaluate

] ?

E || sup a,” > {YilP 1y ccan — E [|VilPLyi ccany| Fica] }
=1

te(0,1]

< Cna,*E [(\Yi\plﬂylkmn} —E |:|}/1|p1{‘yl|<€an}‘f0i|)2:|
< 4Cnag2pE [(|3/1|2p1{\Y1|<ea7L})} :

Recall that o < 2p. By Karamata’s theorem (see [23, p. 25],

2 _ 2
2p - ~(can) Fy (cay) ~ gp%ae%‘“aipn‘l : (39)

E [|Y1[*1 v )<can}] ~

Applying this and letting ¢ — 0 we conclude that a;pM,SE) is uniformly negligible in L?
and so in probability, and thus we conclude that a,? M, 2 Lop.

For p > a, E[|Yy|?] = co. In that case it is well known that the convergence of a; 7S, ,
to an «/p-stable Lévy process follows directly from the convergence of the point process
> i1 0v,/a, to a Poisson point process, and that no centering is needed. In the present
context, this entirely dispenses with the conditioning argument and the long memory part
does not appear. Therefore convergence to stable Lévy process always holds.

As for the sum S, since E[Yy] = E[Zy] = 0, the long memory part R, is identically
vanishing, thus in this case also only the stable limit arises.
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6.3 Proof of Theorem 5.4

Let U; = |Y;Yiis|. We now write

n n

>_ (U7 —E[U) =Y _ (U —EUF | Fi)) + D (B[UY | Fia] — E[UF))

i=1 i=1

= My + > Ky (X0, X)) = My o+ T -

i=1

As mentioned above, the second part is the partial sum of a sequence of a function of
the bivariate Gaussian sequence (X;, X#). The proof of the convergence to a stable law
mimics the proof of Theorem 4.1. We split M,,; between big jumps and small jumps. Write
M) + M), with

M) = (UL <vney — BU L <p,q) | Fia]) -

=1

The point process convergence yields the convergence of the big jumps parts by the same
argument as in the proof of Theorem 4.1. In order to prove the asymptotic negligibility of
the small jumps parts, the only change that has to be made comes from the observation
that Mn 5 is no longer a martingale. However, assuming for simplicity that we have (s+1)n
observations Y;, we write, with U; = Uisq1yi—k = |Y(st1)i—k Y (s+1)i+s—k|,

s

Mnf Z Z{ Delivi<bne — E [Ufkl{Uigbne} | Flot1)i—k-1] } = Z M,(fik -

k=0 i=1 k=0

Clearly, each Mn sp B =0,...,s,is a martingale, therefore we can apply Doob’s inequality

and conclude the proof w1th the same arguments as previously.

6.4 Proof of Theorem 5.5

Again, we mimics the proof of Theorem 4.1, however, some technical modifications are
needed. We use the decomposition between small jumps and big jumps. To prove negli-
gibility of the small jumps, we use the same splitting technique as in the proof of Theo-
rem 5.4. To deal with the big jumps, the only adaptation needed is to obtain a bound for
the quantity

by 202 | (E[IYoYal" L va sy 1)) (40)

We must prove that the expectation in (40) is of order n=2b? in order to show that (36)
still holds in the present context. The rest of the arguments to prove the convergence of
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the big jumps part remains unchanged. Note that E[|YyYa[P1{yova (s} | F-1] = G(Xo, X¢),
thus we need an estimate for the bivariate function

G(% y) = O'p(x)E[|ZOZS|pUp(Cs770 +6sC + y)1|Zon\U(csno+§sc+y)>sbn]

where ( is a standard Gaussian random variable, independent of Z, ny and Z;. We obtain
this estimate first in the case o(x) = e” and then for subadditive functions.

Let o(z) = e”. As in the proof of point process convergence, we write YyY, =
ZyZgecsmeXotXs By Lemma 2.2, ZyZse™ is regularly varying and tail equivalent to
ZoZ,. Since eP*:¢ is independent of ZyZ.e®™ and has finite moments of all order, we obtain
that ZyZ.e%™MePs¢ is also tail equivalent to ZyZg, hence to YyY;. Thus, by Karamata’s
Theorem and Potter’s bounds, we obtain, for some § > 0,

G(z,y) = ep(x+y)E[|ZOZS|pepcsnoep<scl|Z0ZS‘CPMOC«)X%W] < Cn—lbflepxe(p—aﬁ)(yVO) )
Since the log-normal distribution has finite moments of all order, we obtain that E[G?(X,, X§)] =
O(n=2b*) which is the required bound. This concludes the proof in the case o(z) = e*;

Consider now that the assumptions of Proposition 3.4 are in force. Using the subaddi-
tivity of o7, we obtain G(z,y) < .+, I;(x,y) with

Li(z,y) = 0" (2)E[| ZoZs| 0" ()1)20 2,10(0) >eb ]
Iy(z,y) = 0P (2)E[| ZoZs[P 0" (y) 1) 20 2.1 (y)> cbn )
I3(z,y) = o (2)E[| Zo Zs[" 0" ()11 20 2, 0(y)> b s
Ii(z,y) = o (2)E[| Z0Zs|P0” (Y) 1) 20 2.]0 (9) > cbn) »

where for brevity we have denoted ¥ = csm9 + (. We now give bound E[IJZ(XO,XS)],
j =1,2,3,4. Since by the assumptions, |ZyZ;s|o(?) is tail equivalent to |ZyZ,|, Karamata’s
Theorem yields

o (2)E[| ZoZs[P0" (9)1) 202, 0(9)5ebn) < O VRGP ()

and since E[o%?(X,)] < oo by assumption, we obtain by integrating that E[I?(Xy, X3))] =
O(n=2b*). For I, using again Karamata’s Theorem and Potter’s bound, we obtain, for
some 0 > 0,

o (2)E[| ZoZ5 P o (Y) 112020 )5 ebn] < O W0 (@) (0 (y) v 1P~

Since by assumption E[o%(X)o2@+9)(X¢)] < oo, we also obtain that E[I2(X,, Xg))] =
O(n=2b%). A little more care is needed for I3 and I,. We have

Is(z,y) < oP(2)E[|Z0Zs]" (0" (V) V 1) 1 22,0 (0)v1) >0 ()
Since |Zy|o (V) is tail equivalent to | Z|, we easily obtain a bound for the tail of | Z|(o(J)V1):

P(|Zo|(0(9) V 1) > 2) < B(|Zo|o(9) > 2) + P(|Zo| > 2) < CP(Zy > ) ,
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for x large. Thus, applying Karamata’s Theorem and Potter’s bound to |Z| yields, for
some arbitrarily small § > 0,

() < CoP @B iy z0may] < On~ Bo?(2)(o(y) v 1)+
and thus we conclude that E[I2((Xo, Xg))] = O(n2b%). Finally, we write,
L(z,y) < oP(2)a?(Y)E[| ZoZs[" (0”(9) V 1) 11 22| (o (9)v1) >eb

and by the same argument as for Iy we obtain that E[I2(X,, Xg))] = O(n2b%).

Appendix

A Gaussian long memory sequences

For the sake of completeness, we recall in this appendix the main definitions and results
pertaining to Hermite coefficients and expansions of square integrable functions with re-
spect to a possibly non standard multivariate Gaussian distribution. Expansions with
respect to the multivariate standard Gaussian distribution are easy to obtain and describe.
The theory for non standard Gaussian vectors is more cumbersome. The main reference
is [2].

A.1 Hermite coefficients and rank

Let G be a function defined on R* and X = (XM, ... X*) be a k-dimensional centered
Gaussian vector with covariance matrix I'. The Hermite coefficients of G with respect to
X are defined as

J(G,X,q)=E

G(X)Hqu(X(”)] :

J=1

where q = (q1,...,q,) € NF. If " is the k x k identity matrix (denoted by I}), i.e. the
component of X are i.i.d. standard Gaussian, then the corresponding Hermite coefficients
are denoted by J*(G, q). The Hermite rank of G with respect to X, is the smallest integer
7 such that

J(G,X,q) =0 forall qsuchthat 0<|g+ -+ q|<T.
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A.2 Variance inequalities

Consider now a k-dimensional stationary centered Gaussian process {X;,i > 0} with co-
variance function p, (i, j) = E[X{" X¥] and assume either

VI<ij<k, Y |pa(i,f) < oo, (41)
n=0

or that there exists H € (1/2,1) and a function ¢ slowly varying at infinity such that

W8, Rr2y () ~ Ve

(42)

and the b; ;s are not identically zero. Denote then p, = n*?~2/(n). Then, we have the
following cases.

e If (42) holds and 27(1 — H) < 1, then for any function G with Hermite rank 7 with
respect to Xo,

var <n—1 Z G(Xj)) < Cp? var(G(Xy)) . (43)

e If (42) holds and 27(1 — H) > 1, then for any function G with Hermite rank 7 with
respect to Xo,

var (Z G(Xj)> < Cn var(G(Xy)) . (44)

e If (41) holds, then (44) still holds.

In all these cases, the constant C' depends only on the Gaussian process {X;} and not on
the function G. The bounds (43) and (44) are Equation 3.10 and 2.40 in [2], respectively.
The bound (44) under assumption (41) is a consequence of Equation 2.18 in [2, Theorem 2].

A.3 Limit theorems

We now recall [2, Theorem 6]. Let again {X;} be a stationary sequence of k-dimensional
Gaussian vectors with covariance matrix G and such that (42) holds, and let 7 be the
Hermite rank of G w.r.t. Xo. If 7(1 — H) < 1/2, there exists a process Rg g such that

[nt]

e 2 (O0K) ~E[600) 2 R (4
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In particular, if £ = 1, then

[nt]

T/z D_{GX) ~ ElG(X0)]} 2 = Ron(). (46)

where J.(G) = E[G(X1)H,(X1)], and R, g(-) is the so-called Hermite or Rosenblatt process
of order 7, defined as a 7-fold stochastic integral

T

1 (z14-+xr) —1 CHt1/2
Ron(t) KlfH/ / — 11:,; W(day)...W(dz,) .

where W is an independently scattered Gaussian random measure with the Lebesgue con-
trol measure and
(r(H-1)+1)2r(H—-1)+1)

TI{2I'(2 - 2H)sinw(H — 3)}"

2

K12(T, H) =

In particular, for 7 = 1, then the limiting process is the fractional Brownian motion, which
is a Gaussian process, SO

_ g J(1)
W ;{G(Xz> - E[G(Xo)]} = N (0’ m) .

On the other hand, if 1 — 7(1 — H) < 1/2, then

[r]
1 D

— G(X;) — E[G(Xy)]} = <B, 47

\/ﬁ;{() [G(Xo)]} =< (47)
where B is the standard Brownian motion and ¢* = var(G(Xp))+2 Y o, cov(G(Xp), G(X;)),
the latter series being absolutely summable.
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