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Abstract

This thesis is about analysis of heavy-tailed time series. We discuss tail properties of
real-world equity return series and investigate the possibility that a single tail index is
shared by all return series of actively traded equities in a market. Conditions for this
hypothesis to be true are identified.

We study the eigenvalues and eigenvectors of sample covariance and sample auto-
covariance matrices of multivariate heavy-tailed time series, and particularly for time
series with very high dimensions. Asymptotic approximations of the eigenvalues and
eigenvectors of such matrices are found and expressed in terms of the parameters of the
dependence structure, among others.

Furthermore, we study an importance sampling method for estimating rare-event
probabilities of multivariate heavy-tailed time series generated by matrix recursion. We
show that the proposed algorithm is efficient in the sense that its relative error remains
bounded as the probability of interest tends to zero. We make use of exponential twisting
of the transition kernel of an Markov additive process, and take advantage of asymptotic
theories on products of positive random matrices.

Resumé

Denne afhandling handler om en analyse af tidsraekker med tunge haler. Vi diskuterer
haleegenskaber af real-world equity return series og undersgger muligheden for at et
enkelt haleindeks deles af alle return seriers af aktivt handlede aktier i et marked.
Betingelser for denne hypotese til vaere sande er identificeret.

Vi studerer egenveerdier og egenvektorer af observerede kovarians- og auto-kovarians-
matricer af multivariate tung-halede tidsrackker, og iseer til tidsraekker med meget hgje
dimensioner. Asymptotiske tilnsermelser af egenveerdierne og egenvektorer af sddanne
matricer findes og udtrykkes i afheengighedens parameterstruktur.

Vi studerer ogsa en importance sampling metode til estimering sandsynligheder af
sjeeldne begivenheder for multivariate tung-halede tidsraekker genereret af matrice rekur-
sioner. Vi viser, at den foresldede algoritme er effektiv i den forstand, at dens relative fejl
forbliver begraenset, nir sandsynligheden af interesse konvergerer til nul. Vi ggr brug af
eksponentiel vridning af overgangskernen til en Markov additive process og tager fordel
af asymptotiske teorier om produkter af positive tilfzeldige matricer.
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Chapter 1

Introduction

The phenomenon of heavy-tailedness is widely observed in many disciplines of science,
for example, phase transition of matter and black body radiation as studied in physics,
neuronal avalanches in biology, claim sizes of insurance mathematics and stock returns in
finance. The last application is indeed the focus of this thesis. To discuss the phenomena
in precise terms, we introduce the concept of regular variation.

1.1 Regular variation

The concept of regular variation is defined by the following scaling property: if a function
f on (0,00) satisfies
e

im Ve > 0,
5 7(@)
then we say f is regularly varying with index «. f can be written in the form f(z) = Lﬁff ),

% =1, Vc > 0. We call a random

variable X regularly varying with index a > 0 if it satisfies the tail balance condition in
the limit x — oo.

where L(x) is a slowly varying function, i.e. lim,_,

L(x) L(x)

P(X >2x) ~py P(X < —x) ~p_ for some py,p_ >0, pr +p_ =1

ze xe

When expanded to multiple dimensions, the scaling property of regular variation is
better described in terms of vague convergence to a spectral measure pu,: if a random
vector X satisfies

PX/|IX| € | X| > cx) o
P(|X| > x)

—Q

/u‘(x()a x — 00, Ve > 0,

then we say X is regularly varying with index a. Here p,, is a probability measure on the
unit sphere [29]. It is called the spectral measure of X and « is again the tail index. If
X is regularly varying with index «, then each component and each linear combination
of its components are regularly varying with the same index «. This follows from Feller
[61], p. 278. Cf. also Jessen and Mikosch [81], lemma 3.1, and Embrechts et. al. [58],
lemma 1.3.1.

Clearly, estimating the tail index « of a sequence X3, Xs,... of regularly varying
variables is particularly important for understanding the behavior of a heavy-tailed series.
A standard method proposed for this purpose is due to Hill [71]:

R 1< X -
aH:[k;bg( )] , (1.1)

X(k+1)

where X;, Xo,..., X, is a sample whose tail index is the subject of estimation, and
X3y is the i-th upper order statistic of the sample. Several authors have contributed to

1



2 1. INTRODUCTION

showing the weak consistency and asymptotic normality of the estimator &y, under the
assumptions k — oo, k/n — 0 as n — oco. See Theorem 6.4.6 of Embrechts et. al. [58]
for details.

Figure 1.1 shows the Hill estimates of the tail indices of daily stock return series
from 3 sectors of the Standard & Poor’s 500 index'. The 2.5% and 97.5% quantiles
of the asymptotic normal distribution of the estimates are also given. One can see the
confidence bands are fairly large compared with the estimated values. This certainly
raises the question of how similar they really are and if/how their variations can be
explained by economic arguments.

Random variables with regularly varying tails have some very nice features: if X3
and X5 are both positive and regularly varying with indices o1 and «s, respectively, then
a1 X1+ a2 Xo, for aj,as > 0, is regularly varying with index min{a, as} (cf. Mikosch and
Jessen [81]). Moreover, if X7, X5 are iid, P(a1 X1+ a2 X2 > u) ~ P(a; X1 > u)+P(ax X >

Now consider p return series X;., ¢ = 1,2,...,p;t = 1,...,n. Suppose each of
these series is a linear combination of K factors Yj;, j = 1,2,..., K, the j-th of which
is regularly varying with index «;. Then by the summation property, each and every
{X,+} is regularly varying with index min; <<k ¢;. In practice a factor Y; ; is estimated
as Yj. = Y0, a;iX,, where (aj1,a52,...,a;,) is the j-th eigenvector of the sample
covariance matrix of {X;.},i = 1,...,p;t = 1,...,n, i.e. the eigenvector associated
with the j-th largest eigenvalue. For this reason, it is important to understand the eigen
system of the sample covariance matrix of {X, ,}. This topic is addressed in chapters 4
and 5 of this thesis.

When a product of independent positive random variables, say X; X5, involves one
with regularly varying tails, a useful result is that of Breiman [27]: assume X is regularly
varying with index o and there exists € > 0 such that EX5 ¢ < co. Then P(X; X, >
x) ~ EX$P(X; > x). More generally, if X7, X5 are regularly varying with the same tail
index a or if P(X3 > 2) = o(P(X; > z)), then X7 X5 is regularly varying with index a.

In addition to Breiman’s result, the following is also well-known, assuming X7, Xo
are positive independent random variables and X is regularly varying with index a:

1. if X5 is regularly varying with index a or lim, % = 0, then X;X» is

regularly varying with index a.

2. if Xy, X, are iid and EX{* = oo, then % — 00

3. if X, Xy are iid and EX{* < oo, then the only possible limit of % is 2EX{.

For an extensive summary of the regular variation properties of functions of regularly
varying random variables, see Mikosch and Jessen [81].

The notion of a regularly varying strictly stationary process is also of interest. Orig-
inally introduced by Davis and Hsing [39] for univariate processes, the concept was
extended to multivariate processes by Davis and Mikosch [42]: an Re-valued strictly
stationary process X; is said to be regularly varying with index «, if for each h > 0,

P [z (Xo, X1,...,Xp) €]

Y ()
— . —
P(|X0| >$) VO( ()5 x &Y

LAn American stock index comprising around 500 companies.
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Figure 1.1: Hill estimates &so of the lower tail-indices « of daily return series in sectors of
the S&P 500 index. The data span from 1 January 2010 to 31 December 2014 and comprise
n = 1304 observations. The graphs from top to bottom correspond to the “Energy”, “Consumer
Staples” and “Information Technology” sectors. Each circle corresponds to a Hill estimate &so;
the gray triangles above and below it mark the 97.5% and 2.5% quantiles of its approximate
normal distribution; see (2.4) and the discussion following it for an interpretation. The lower and
upper red lines mark the medians of the 2.5% and 97.5% quantiles, respectively, evaluated from
all stocks in the sector. The data are taken from Yahoo Finance; the labels on the horizontal
axes are Yahoo symbols of the stocks.

where v{") a non-null Radon measure on R4(+1) \ {0} that is homogeneous of order —«,

ie. Ve > 0,¥S c RIHDA {0}, v (c8) = =@M (S). || could be any given vector
norm.
Basrak and Segers [15] proved an equivalence condition for regular variation of a
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strictly stationary process: an R¢-valued strictly stationary process {X;} is regularly
varying with index « if and only if there exists an R%-valued sequence {0;}i=01,.. and a
Pareto(a) random variable Z, i.e. P(Z > z) = =%, Va > 1, independent of {©;}

P2 (Xo,X1,...,Xp) € || Xo| > 2] 5 P(Z(O1,...,0,) €:), z—00,Yh>0

The sequences {©;}i=o,1,... and {Z0O;},—¢ 1, .. are called the spectral tail process and the
tail process of {X;}, respectively.

A recent remarkable result from Mikosch and Wintenberger [90] regarding strictly
stationary regularly varying processes is quoted below:

Theorem 1.1. Let (Y;) be an R¥*-valued strictly stationary sequence , Sp, = Y1+ +Y,
and (an) be such that nP(|Y| > a,) — 1. Also write for e > 0, Y, = Y, 1(|V3| < eay),
Y, =Y. -Y, and

l l

Sin = Z?t Sip = th-

t=1 t=1
Assume the following conditions:
1. (Y3) is regularly varying with index o € (0,2) \ {1} and spectral tail process (©;).

2. A mizing condition holds: there exists an integer sequence m, — oo k, = [n/my] —
oo and

" 7 kn
Ee it'Sn/an _ (Ee”ﬁmnm/a") — 0, n— oo, teRY. (1.2)

3. An anti-clustering condition holds:

lim limsupIE”(t_gnax |Y:| > day, | |Yo| > ban) =0, d>0 (1.3)

=00 nooco m
for the same sequence (my,) as in 2.

4. If a € (1,2), in addition E[Y] = 0 and the vanishing small values condition holds:

lig)l limsupP(a;,'[S, — E[S,]| > 6) =0, §>0 (1.4)

n— oo

and Y2, E[|0;]] < .

Then a,;*S, 4 &4 for an a-stable R -valued vector &, with log characteristic function

/ E |fexp (iyt'Z@J) — exp (iyt'Z(%) - iyt'l(l,g)(a)‘| d(—y?), teR*. (1.5)
0 =0 =1

Remark 1.2. If we additionally assume that Y is symmetric, which implies E[Y] = 0,
then the statement of the theorem also holds for a = 1.

Using theorem 1.1 we prove in chapter 4 joint convergence in distribution of eigenval-
ues of a sample covariance matrix of stochastic volatility processes (see §1.4) to o/2-stable
random variables.
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1.2 Stochastic recurrence equation

One of the most important dynamical mechanisms that lead to regularly varying random
vectors is a stochastic recursion of the following form:

Xi=A Xy 1+ B, teZ (1.6)

where X; is a d-dimensional random vector, A; is a d X d random matrix and B; is a
d-dimensional vector, random or deterministic. The sequence {(A¢, Bt)}iez is iid. The

stationary solution to (1.6) satisfies the fixed-point equation X L AX+B , where X and
(A, B) are generic elements of the {X;}ez and {(A¢, B:) }rez sequences.

Kesten [84] showed that, when A, is almost surely non-negative, has no row or column
of only zeros, and B; is almost surely non-negative and is not equal to the null vector

with probability 1, then the solution X to the equation X L2 AX+Bis regularly varying
with a positive index «, assuming the following conditions (M) and (A):

e Condition (M)

1. The top Lyapunov exponent
= inf 1E1 [lA Al
V= Tlgl 108 [ 4n 1

is negative.
2. There exists a > 0 such that
1
1=XMa)= lim —logE|A, - A||*
n—oo n
3. E([|A1]|*log™ [ A1) < o0
4. E|B1|a < 0

e Condition (A) : the group generated by
{log p(s) : s = A, -+ Ay for some n > 1}
is dense in R, where p(s) denotes the spectral radius of matrix s.

Upon these conditions, Kesten’s theorem gives
wPu X e ) S () (1.7)

where v{" is a non-null Radon measure on R4\ {0} with the property Ya > 0, v (ad) =

a—v{"(A).

In addition to non-negative matrices, two other classes of random matrices have
been shown to lead to power-law tails via the recurrence relation (3.2). Alsmeyer and
Mentemeier [3] considered invertible matrices whose distribution has a density. Let
M(d,R) denote a metric space of d x d matrices with real entries that are invertible
with probability 1. They replaced Kesten’s condition E(||A[*log™ ||A||) < oo with a
stronger counterpart E[[|A||*(log™ || A|| 4 log||A~Y||)] < oo, and lifted the condition (A).
In addition, they assumed
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1. For any open set U C S?~! and any u € S¥~!, In > 1 such that

H‘:l Aiu )
P (l eU | >0.
‘Hi:l Ajul

2. There exist N > 1, ¢,e > 0 and an invertible matrix A € M (d, R) such that for any
set C' C M(d,R), it holds true P(Ay --- Ay € C) > ¢|B(A)NC|, where |- | denotes

the Lebesgue measure and B (A) is the ball with radius € centered at A.

These assumptions are termed conditions (id). Furthermore, they assumed that there
was no point in R? such that the recurrence equation (3.2) was stuck at this point with
probability 1: P(Ax + B = x) < 1 for all x € RY. With these assumptions, they showed

uh_{lgo uP({z, X) > u) = eq(x)
where x € S9! and e, (-) is a continuous function on S?~1.
The second of the (id) conditions, which is satisfied when the distribution of A has
a Lebesgue density, can actually be lifted if stronger moment conditions are imposed on
A and B, and in addition, a proximity condition is satisfied by the support of A. This
is the result of Guivarc’h and Le Page [65]. Let G4 denote the semi-group generated by
{II,, : I, = A, - -- A1, A; € M(d,R)}. The authors assumed

1. There is no finite union W of proper sub-spaces of R¢ that satisfies Va € G4, aW =
W.

2. G4 contains a proximal element, i.e. an element a whose largest singular value is
an algebraically simple eigenvalue of a.

These two assumptions are termed (ip) conditions. Replacing the (id) conditions of
Alsmeyer and Mentemeier with (ip) and the moment conditions of the former with

E(||A*“T°) < 0o, E(JA|*|A7Y°) < 00, E(|B|*T?) < oo for some § > 0,

Guivarc’h and Le Page proved the vague convergence result of (1.7).

1.3 GARCH models

Introduced by Bollerslev [24] in 1986, Generalized Autoregressive Conditional Heteroscedas-
ticity (GARCH) models have been hugely popular for modeling volatility of financial time
series and have inspired numerous variants. A GARCH(p, ¢) model is a stationary process
{X}}iez satisfying

Xt = O'tZt, (18)

P q
OJ+ZO¢iX752_i+ZﬁjUt2_ja (1'9)
i=1 j=1

2
O

where {X;} is a model for return series of stock prices, foreign exchange rates, inter-
est rates, etc; {Z;} is an iid, mean 0, unit-variance sequence, o7 is the variance of the
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distribution of X; conditional on {(X;,02)}ics; w, {ai}_y, {Bi}{_, are non-negative pa-
rameters of the model. Written in matrix form, as shown in (3.13), the GARCH(p, q)
recurrence equation is of the form of (1.6). With appropriate conditions,

2 2 2 2
(Ut PRI 70-t7q+17Xt717 e 7Xt7p+1)

is shown to be a positive Harris recurrent Markov chain (cf. Bollerslev [24] and Bu-
raczewski et al. [29]), whose stationary distribution has regularly varying tails. The tail
index « is given by
1
Ala) = lim —logE|lA, --- A1]|* =0, (1.10)
n

n—oo

where {A;}icz are iid matrices whose entries are functions of {a; }?_, {3 }_, and {Z}?}:

onZ 4+ P2 Ba—1 Bg a2 a3 - ap_1

1 O - 0 0 0 0 -~ 0 0

0 0 0 0 0 0 0 0

0 0 1 0 0 0 0 0
A = 1.11
' Zi 0 0 0 0 0 0 0 (1.11)

0 0 0 0 1 0 0 0

0 O - 0 0 0 0 -~ 0 0

0 O - 0 0 0 0 -~ 1 0

While GARCH models have been very successful for modeling financial time series, they
do have their drawbacks. For example, the tail index is very sensitive to the model
parameters {a; }¥_; and {3;}{_,. In applications, these parameters need to be estimated
from a sample and are always uncertain to some extent. For this reason, there can
be a significant discrepancy between the tail index obtained via (1.10) with the model
parameters substituted for their sample estimates and the Hill estimate (1.1).

There exist various extensions of the univariate GARCH model to the multivariate
case. The most notable one is perhaps the constant conditional correlation (CCC) model
of Bollerslev [25] and Jeantheau [80]. In the bivariate case, CCC is the model

S X\ _ (o O Zig \ _
() (0 Y (2 onm e

Thus both return components X;; have the form of a univariate stochastic volatility
model X;: = 0;+Z;+ with non-negative volatility ¢;; and an iid bivariate noise sequence
(Z,) with zero mean and unit variance components. We also have the specification

2 2 2
o1t Qo1 a1 012 Xit1 Bi1 Pz o111
Y, = , , )
' ( o34 ) ( 02 >+< Qo1 22 ) < X314 ) +( P21 P22 o311
_ aoL ) anZi; g+ B 2Z5, 4+ Pre 011 (1.12)
Qo2 anZiy 1+ B @22Z3, 4 + B o3i 1 )
for positive ap; and suitable non-negative auj, Bij, 4,7 = 1,2. Writing

B, — ( o1 ) and A, — ( a11Zis 1+ B 2Zs g+ P2 )7

2 2
Qo2 02127 41+ P21 a22Z3, 1 + Pao
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we see that we are again in the framework of a stochastic recurrence equation but this
time for vector-valued B; and matrix-valued A;:

Y;:=A;Y,_; +B;, teZ. (1.13)

Kesten [84] also provided the corresponding theory for stationarity and tails in this case.
Starica [107] dealt with the corresponding problems for CCC-GARCH processes, making
use of the theory in Kesten [84], Bougerol and Picard [26] and its specification to the tails
of GARCH models in Basrak et al. [14]. Starica [107] assumed the Kesten conditions
for the matrices A;. These conditions ensure that the product matrices A; --- A,, have
positive entries for sufficiently large n. Then Kesten’s theory implies that all components
of the vector X; have power-law tails with the same index « and also that the finite-
dimensional distributions of the process (X;) are regularly varying with index a.

Various GARCH modifications are derived by considering linear combinations of
CCC-GARCH models. The property of multivariate regular variation of multivariate
GARCH ensures that, after linear transformations, the new process in all components
has again power-law tails with the same index as the original GARCH process; see Basrak
et al. [14]. Models which are constructed in this way are the Orthogonal GARCH model
of Alexander and Chibumba [2], its generalization GO-GARCH by van der Weide [113],
the Full Factor GARCH model of Vrontos et al. [116] and the Generalized Orthogonal
Factor GARCH model of Lanne and Saikkonen [87]. These models are characterized by
their treatment of each series as a linear combination of factors, and each of the factors
is modeled as a GARCH process; see Silvennoinen and Terédsvirtéd [104].

Not all choices of a- and [-parameters in the model (1.12) allow for an application
of the Kesten theory. For example, assume that only the diagonal elements «;; and
Bii are positive. Then A; is diagonal and, hence, the condition that A;--- A, have
positive entries for sufficiently large n cannot be satisfied. In the latter situation, both
(X1,) and (Xo,) are univariate GARCH processes. Assuming the conditions of the
univariate Kesten-Goldie theorem for each component process, (X1 ) and (Xz;) have
power-law tails with indices a; and as, respectively, given by the solutions to the equa-
tions E[(aiiZZt + Bi)®/?] = 1,4 = 1,2. In this model, one can introduce dependence
between the two component series (X7,) and (Xs,) by assuming dependence between
the noise variables Z; ; and Z5 ;. Another situation when the Kesten theory fails appears
when A, is an upper or lower triangle matrix: then the products A;--- A, are always
of the same triangular type. Similar remarks apply when one considers a CCC model
in general dimension. Of course, one may argue that the latter models are not natural:
they are degenerate since they do not allow for a linear relationship between all squared
volatilities on a given day.

1.4 Stochastic volatility models

With the availability of high-frequency data, a different approach than that of GARCH
has been popularized for modeling volatility of financial time series and has led to greatly
improved accuracy of prediction. This is the approach of stochastic volatility models.
In the pioneering work of Clark [33], the author modeled the logarithmic price Y; as a
subordinated stochastic process: Y; = V,,,t > 0, where V; is a Brownian motion. 7 is a
real-valued, non-negative, non-decreasing sequence with 79 = 0. It models a time change.
As pointed out by Shephard and Andersen [101], the log-price process {Y;} is serially
uncorrelated although potentially dependent, provided that V; and 7; are independent.
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Later authors, e.g. Back [8] chose to model the log-price process as a semi-martingale,
with increments of the martingale component modeled as a product process:

Y, = Yo+ A+ M,

where {A4;} is a finite-variation process and {M;} is a martingale and hence {Y;} is a
semi-martingale. {o:} is non-negative and {Z;} is an iid process with zero mean and
unit variance. {o;} and {Z;} are independent of each other.

For discrete time models, Taylor [110] was the first to propose a product process for
modeling the martingale part M; of Y;:

Mt*Mt_liUtZt, tEZ

A convenient choice of oy is

logoy = Zwmt,l, teZ (1.14)
leZ

where {; }1e7 is a sequence of real numbers with at least one non-zero element, {7 }.cz is
an iid sequence of random variables with zero-mean and finite variance. By Kolmogorov’s
3-series theorem, the infinite series above converges if and only if ), _, wf < 00, and in
this case {o:} is stationary. In particular, if {n;};cz is normally distributed with zero
mean, {o;}iez has log-normal marginal distributions.

If, however, the sequences {Z; }1cz or {o;}iez are regularly varying with index o and
some additional conditions are satisfied, {X;} is also regularly varying with the same
index. Specifically, if {Z;} is regularly varying and {o;} has a lighter tail, the conclusion
follows from Breiman’s lemma [27]. See §4.3 of Janfien et al. [79], i.e. chapter 4 of this
thesis for more details.

There are a few advantages in using stochastic volatility models. They are among
the simplest models allowing for conditional heteroscedasticity (cf. Andersen et al. [4]);
nevertheless, they greatly improve the accuracy of predicting future volatilities by taking
advantage of high frequency data. Specifically, for the semi-martingale {Y;} we have

Lt/6]
P
Wsle = > (Yis = Yi-1)5)® = V], 6 0. (1.15)
j=1
The object [Ys]; is called the realized quadratic variation in time series literature. The
convergence in probability follows directly from the definition of quadratic variation [Y];:

n

[Y}t = Aliglo ‘ (Y;z - }/ti,—l)z

=1

where 0 = tg <t; <ty <--- <t, =tand At = sup;;<,(t; —t;—1). Furthermore, Jacod
[76] and Barndorfl-Nielsen and Shephard [12] proved a central limit theorem:

[Ys]e — [Y]:

\/26 fot o2ds

If the process of expected return has continuous sample path and M; is a stochastic
volatility process, it has been shown that [Y]; = [M]; and [Y5]; EA fg o2ds. Meanwhile,

4 N(0,1), &0
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Itd’s formula gives, for a semi-martingale {Y;},

t
Y2 = (V] +2 / YdY,
0

t t
= [Y]t+2/ stAs+2/ Y, dM,,
0 0

t
EY? = E[Y];+2E (/ stAs>
0
~ E[Y]:, when tis small (1.16)

(1.16) and (1.15) show that EY,?, or in other words, the forecast of future squared return,
can be obtained as E[Y;];, i.e. the forecast of future realized quadratic variation.

1.5 Contributions of this thesis

In this section we summarize our results from the research papers.

1.5.1 Tail parameters of equity return series

In chapter 2 we consider a minimal market where a riskless bond and an equity are the
only assets available to investors. We model the investor’s preference of the equity with
Generalized Disappointment Aversion (GDA), an idea envisaged by Gul [66] and gener-
alized by Routledge and Zin [99]. Specifically, in the GDA theory a rational investor’s
behavior is characterized by his attempt to maximize the GDA functional U (F):

U(F) =Ep[u(C)] = bEp[u(d) — u(C)Lic<s]

where C is the investor’s wealth evaluated at a fixed date, § is the level of disappointment
— if C falls below §, the investor becomes disappointed. b parametrizes the growth of his
disappointment. F' is the distribution function of the return of the investor’s portfolio.
In the aforementioned minimal market, F' is the distribution function of the equity’s
return. The subscript F' of Er reminds us that the expectation is taken with respect to
the distribution function F.

We have established that, in the case of an equity return series with two-sided, func-
tionally independent Pareto tails, GDA preference functionals are monotone increas-
ing/decreasing with the tail index/scale parameters. Thus in a market dominated by
such equities, the investors would pursue the largest tail index in the market, leading to
a shared common tail index for all equities.

The empirical results presented in section 2.2 suggest this may well be the case for
the “Consumer Staples” sector of S&P 500, given the Hill estimates of tail indices shown
in figure 1.1 and the largely positive results of tests for equal tail indices shown in figure
2.3.

On the other hand, we have also seen that, when the left and the right tails have
the same indices, investor preference over the equity has more sophisticated variations
in the parameter space including the tail parameters of the equity, the interest rate,
the investor’s risk appetite as captured by his utility function, and his threshold of
disappointment.

We also acknowledge that our model of the market and the investor is a simple one,
not accounting for the dependence between equities, nor the categorization of investors
and their interactions. These are potential topics of future work.
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1.5.2 Importance sampling estimator of GARCH(p,q) rare event
probability

In §1.2 we have seen how power-law tails can arise e.g. by Kesten’s theorem in the
stationary distribution of a Markov chain {V;}:>¢ described by a stochastic recurrence
equation. In §1.3 we have introduced GARCH(p, q) processes as examples of such Markov
chains. By Kesten’s theorem, the stationary distribution of a GARCH(p, ¢) process has
power-law tails asymptotically, i.e. P(|[V| > z) = cz™* +o(xz~*),¢ > 0,a > 0 as  — 0.
While a nice result, this theorem does not allow us to compute, in precision, the proba-
bility P(|V| > x). A numerical procedure is needed for this purpose. A straightforward
approach is of course direct Monte Carlo: we simulate the first n steps of {V;};>0 and
approximate P(|V] > z) as

n

1
PV >2)~ — > v (1.17)
t=n—K+1

where we discard the first K steps of the simulated sample path so that the empirical
distribution of {V;};>n—k+1 is closer to the stationary distribution 7 of {V;}.

The difficulty of this naive approach is that, when x is large, the event {|V| > z}
happens very rarely, making the variance of the estimate too big to be of any use.
A method to overcome this difficulty is importance sampling: we introduce a Markov
additive process { (Y, S¢)}i>0, Y| = 1 on the unit sphere:

B = (W,O,"' 70)I7

Vi = (O-t270't2—17 e 7Ut2—q+17Xt2—17 U ’Xt2—p+1)/ =AVi1+ B,
Ay AV AYy

Y, = = )
¢ |Ap--- AVo| ALY |
Iy = log|A:Yi—q],
t
St — log‘AtAl‘/blzzll-i-lOgH/OL

i=1

where X; = 0,7, (see (1.8)). For convergence we also use the notation

AYiy
Ay Y = ———.
¢ Yi-1 A,Y; |

The matrices {A4;};>1 are defined by (1.11). For more details, see §3.2. V;, our object of
main interest, is a function of the path {(Y;,;) }1<i<¢. To increase the chance of observing
{IV4| > z}, we adopt a dual change of the transition kernel of {(Y,1;)};>0. Before the
first occurrence of {|V;| > x} we simulate (Y%,1;) according to a shifted transition kernel,
whose induced probability measure is denoted P“:

PY[(Yi, 1) € dy x dl|Y;—1 = w]

eal?((zyv))P[(Y%,lt) € dy x dIY;—1 = w], (1.18)

where P denotes the probability with respect to the probability measure 7, the stationary
probability measure of {V;}. 7, is a right eigenfunction of the operator %, which is
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defined by its action on a test function g : S%1 — R,:
Fga) = [ Al ARR) - )2
dom(Z)

7o is the right eigenfunction of 2% associated with the eigenvalue A\(a) = @) =1, i.e.
P (x) = ro(z). The function A(«) is defined by (1.10), fz is the density function of
Z and A(2?) is the matrix (1.11) with Z2 | substituted for 2.

Conditional on (Y;—1,l;—1), the only source of randomness to Y; comes from Z; ;.
Hence the shift of conditional probability distribution shown in (1.18) is equivalent to
shifting the distribution of Z;_;. We have

PG € dzfYiy = w) = A<22>w|aW

P(Z;— € dz).
Note that {Z;} is an iid sequence in the original measure. An expected value with respect
to P is related to its counterpart with respect to P via

roz(Y;S—l)
7o (Y?)

Let us define T,, = min{t > 1 : |V;| > x}. Once the first excursion of |V;| above x has
occurred, i.e. t > T, we change the transition kernel back to the original and continue
the simulation until the process returns to a designated set C = {v : |v| < M}, where
the positive number M is chosen in accordance with the function A. We denote the
successive times of {V;} returning to the set C as 0 = Ky < K; < Ko < ---. It can

be shown that {(VKmH,ZZ.K:”;;fl 1{v;|>2}) }m>o0 is a positive Harris recurrent Markov

Elg(Ye,11)] = E* |g(V, l)e ™" (1.19)

chain for all x > 0. Let N, = Zf(:lo_l 1{vi|>2}- We show by the law of large numbers
for Markov chains
P([V] > z) = m(C)Ey(No)

where 7 is 7 restricted to the set C, i.e. VS C C,n(S) = n(S)/n(C). E, means the
expectation is taken only on condition Vy ~ 7. Finally by (1.19),
P(|V| > z) = 7(C)E;N, = EDE,,

where

o (Y(
(‘:1. = W(C)Nx|ATI .. .Al‘/b|7ar (()/;)) 1{T£<K1}

is our importance sampling estimator. ]EWD7 D for “dual”, is to remind us that the
expectation is taken with respect to the shifted transition kernel as given by (1.19),
and then with respect to the original transition kernel. In §3.5 we show

EDEQ
lim sup 1=

el (V| > 2 =

In plain words, the estimator &£, has bounded relative error. See Asmussen and Glynn
[6], §1 for definition of bounded relative error. The method presented in this paper is a
multivariate generalization of Collamore et al. [36]. The reader is referred to it for the
treatment of the one-dimensional problem.
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1.5.3 Eigenvalues of the sample covariance matrix of a stochastic
volatility model

In §1.4 we have introduced stochastic volatility models and discussed their connection to
realized quadratic variation and their improved predictive power derived thereby. But
there we have only discussed univariate models. In fact, the generalization to multivariate
models is rather straightforward. In chapter 4 we adopt the following multivariate model:

Xix = 0i:Zip 1<i<p, tel,
logois = > Wkimikit 1<i<p t€Z,
k,IEZ

where {Z; ;} and {n; .} are iid fields of random variables. They are independent of each
other. The distribution of 1, a generic element of {#;,}, satisfies P(e”? > z) ~ 2~ *L(x),
where @ > 0 and L(x) is a slowly varying function. The coefficients {¢y;} are real and
satisfy >y ez [¥n,1] < oo

Depending on the tails of {o;;} and {Z; +}, two situations can arise. When {Z; ; }+ez
is a regularly varying sequence with index a € (0,4) and dominates the tail, we show
that each of the sequences {X; ;}iez,1 <i < p and each of {X; ;X } ez, 1 <i<j<p
are regularly varying with index «, assuming suitable conditions on {o; ¢}

Define the matrix X

XRP, Ixt>

and let X’ denote the transpose of X. Then

n
XX' = {Z XMX»,t}
t=1

Using theorem 1.1 of Mikosch and Wintenberger [90] (see theorem 1.1 of this thesis), we
prove

1<i,j<p

a,” (Z Xi%t - n1(2,4)(a)IEX2> = (&i,a/2)1<i<p
=1

1<i<p
and
n
_ P .
anz ZXi,th,t =0 fori#j.
t=1

where {a,}n>1 is such that nP(|X| > a,) — 1 as n — oo, and {§; o/2}1<i<p is an iid
sequence of a/2-stable random variable. See chapter 4 for details. Built on this result,
we show that XX’ is approximated by its diagonal:

a ?||XX — diag(XX)|| 5 0. (1.20)

where || - || denotes the spectral norm. Following (1.20), we have

_ d
a7 2Nty - A@) = (Eyay2s - Em)ase)

where A(;) is the i-th upper order statistic of the eigenvalues of the matrix XX’ and
§(i),a/2 is the i-th upper order statistic of the iid sequence {&; o/2}1<i<p-

When o;; dominates the tail of X;; = 0;+Z;; and satisfies a few more technical
conditions, we show that each of the sequences {o;:}icz 1<i<p is regularly varying
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with index a. Moreover, in contrast to the previous case, we show that the sequence
{0i10j1} ez1<ij<p is regularly varying with index a/y"7, where ¢ = maxy;(¢Yg,; +
Yiyi—j1). For d > 1, the d-variate sequence {(0;, 10, +)1<k<d}tez is regularly varying
with index a/(maxq<g<q ™ 7*).

This result then allows us to approximate the matrix of XX’ by {X; ;}1<i j<p, Where

n
Xij = ZXi,tX',tl{lgi,jgp,w=f:2}
t=1

A notable difference from the previous case is that the matrix a;2{X; ;}1<; j<p can
have non-vanishing values on its off-diagonal entries in the limit n — oo, implying its
eigenvalues in this limit may not be solely determined by its diagonal entries.

1.5.4 Extreme value analysis for the sample auto-covariance
matrices of time series

Janflen et al. [79] investigated the sample covariance matrix of the time series {X; ;}iez,
1 < i < p for stochastic volatility models assuming the dimension of the matrix p is fixed.
It is also of interest to look into the sample covariance and the sample auto-covariance
matrix when the dimension p tends to infinity at some rate as the number of observations
n tends to infinity. This is the subject of Davis et al. [38] which we summarize in this
section.

We are interested in the model

Xig = th,lzifk,tfb i,teZ (1.21)
k.l€Z

where {Z; 1}, ez is a field of iid random variables and hy, ; is an array of real coefficients.
We assume {Z; ;} is regularly varying with index o € (0,4) and

Z |hk,l|6 < 0

k,€Z

for some ¢ € (0, min{«/2,1}). This condition ensures that the infinite series in (1.21) is
almost surely absolutely convergent. Since each {X }iez is a linear combination of the
sequences {Z; ; }+cz that are regularly varying with index «, each of {X; ; };ez is regularly
varying with index a.
Define matrices
X(s) = {Xittshicicpizezn 520,

and assume that »

— = —

SIS 00, — 00,
where > 0 and /¢ is a slowly varying function. If § = 0, we assume in addition
£(n) = oo,n — oco. We intend to understand the behavior of the singular values of the
matrix X(0)X(s), i.e. the square roots of the eigenvalues of X (0)X(s)X'(s)X'(0).

Corresponding to the time-lagged matrices X(s), we also introduce the time-lagged

coefficient matrices. Define

H(s) = {h,i4s}kiez
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and denote by v1(s) > wa(s) > --- the singular values of the matrix H(0)H(s) =
{D1ez Pithjiss}tijez. We have established the following point process convergence result
upon appropriate conditions (see theorem 5.10 of chapter 5):

P

Z Cang i) (0)se (i) (5)) ZZs A CTONSE

=1 =1 5=1

where {anp }n pez is a sequence of positive real numbers such that npP(Z > a,p) = 1,n —
0. €, is the Dirac measure with unit mass at z and I'; = >, _, Ex, where { Ej }1<x<; is an

iid sequence of Exp(1) random variables. In particular, we see a;*A1)(0) 4 Efwavl (0),
i.e. asymptotically a;,2X(1)(0) has a scaled Fréchet(c/2) dlstrlbutlon

These results extend and generalize previous work by Soshnikov [105] and Auffinger
et al. [7] who deal with the case of iid X, ;, assuming regular variation with « € (0,4).
This work also generalizes Davis et al. [45] as well as Davis et al. [44] who deal with the
linear model (1.21) under suboptimal conditions on the growth rate of p — oco.

In this paper, large deviation results for sums of regularly varying random variables
are consequently used; see Nagaev [92]. This is in contrast to the papers by Soshnikov
[105] and Auffinger et al. [7] who only deal with the case when p/n — v € (0,00). The
large deviation approach allows one to determine the dominating parts of the sample
covariance matrix XX’ and the sample auto-covariance matrices. Typically these parts
are given by functionals of {Z7,}.

In the case of a finite 4th moment of {Xi .}, the theory changes completely. A typical
result in this case is proved by Johnstone [83]: if p/n — v € (0, 00), then

A n
AL ~ Pnp dWlel,

Onp

where the constants ji,,, and o, are given by
MHnp = (Vn_l"_\/ﬁ)Qa

ow = TR (g })/

W7 is a Tracy-Widom random variable with distribution function F; defined by

1 o0
Fi(s) :exp{—Q/ [q(z) + (x—s)q2(x)}dx}.
q is defined as the solution to the Painlevé II differential equation

¢"(x) = wqx)+2¢°(x),
q(z) ~ Ai(x) asz — 0.

where Ai(z) is the Airy function. In the heavy-tailed case considered in this thesis,
asymptotic results about the eigenvalues are easier to derive than in the light-tailed case,
i.e. when 4th moments are finite.






Chapter 2

Do return series have power-law tails with

the same index?

THOMAS MIKOSCH, CASPER DE VRIES & XIAOLEI XIE
technical report

Abstract

We consider an investor with preferences that accord with Generalized Disap-
pointment Aversion (GDA). Such an investor cares about downside risk and we
assume he recognizes the heavy tail feature of asset return distributions. We ar-
gue that when a market is dominated by rational investors of this kind, the return
distributions of equities that are actively traded in this market may have nearly
equal tail-indices due to monotonicity of the GDA preference with respect to the
tail index. We give conditions upon which the GDA preference is monotone and
hence suggests an equal tail index for all actively traded stocks.

We also estimate tail indices and scale parameters of S&P 500 stocks and test
the hypothesis that two given stock return series have the same tail index. The
results vary across different sectors of the index.

2.1 Introduction

It is one of the stylized facts of financial econometrics that returns of speculative prices are
heavy-tailed. There is no agreement in the literature about how heavy these tails really
are. For example, Barndorff-Nielsen and Shephard [11] and Eberlein [54] favor “semi-
heavy” tails which are comparable with those of a gamma distribution. On the other
hand, tails of returns have been studied in great detail in the extreme value community.
Among extreme value specialists there is general agreement that returns X; have tails of
power-law-type, i.e.,

P(X; >x)~cyaz ™ and P(X; < —x)~c_oaz ¥, z— 00, (2.1)

where ¢, aup and ey are positive constants.! See for example, Embrechts et al. [58],
Jansen and de Vries [77], Mikosch [88], Resnick [97]. In the extreme value literature it is
common to replace the constants c4 by suitable slowly varying functions; cf. Embrechts
et al. [58], Chapter 3. In this paper, for the sake of argument, we stick to the condition
(2.1).

There are some good theoretical reasons for the appearance of power-law tails in situa-
tions where certain moments of data are believed to be infinite. Tails of type (2.1) describe
the maximum domain of attraction of the Fréchet distribution ®,, () = exp(—z~ )

IHere and in what follows, f(z) ~ g(z) for positive functions f and g means that f(x)/g(z) — 1 as
T — 00.

17
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for > 0, i.e., scaled maxima of an iid sequence (X;) with upper tail described in (2.1)
converge in distribution to ®,,,. Equivalently, power-law tails are prescribed by the
generalized Pareto distribution which is the limit distribution of the excesses of X; above
high thresholds, i.e., for a suitable positive scaling function a(u),

P(X: —uw)/a(u) >z | Xy >x) = (14 x/ay) "4, u— 00.

The aforementioned results are considered very natural for iid and weakly dependent
strictly stationary sequences of random variables (X;); in the world of extremes they are
the analogs of the central limit theorem from the world of sums.

In the literature on extremes for return data one finds the statement that estimated
values &y, and dioyw of the tail-indices ayp and ooy, respectively, typically have the
tendency that Gup > Giow. This observation is often explained by the fact that investors
are more prone to negative than to positive news in the market. Moreover, in the
literature the estimated tail-indices & (both in the left and right tails) are typically found
in the range (2,4). For an illustration, see Figure 2.1 where estimates Qjoy in three
sectors of the Standard & Poors 500 index are shown. The estimates are based on 1304
observations of daily return data from 4 January 2010 to 31 December 2014.

When looking at Figure 2.1 one might ask the following questions:

e In view of the wide asymptotic confidence bands for the estimators of tail-indices,
are the tail-indices from different series really distinct?

e Are there some theoretical reasons supporting the fact that the tail-indices from
different series are not distinct?

In this paper, we try to find some answers to these questions.
The estimator of the tail-index « > 0 in the model

P(X; > ) ~ca™ @, T — 00,

favored in the literature is the Hill estimator; the graphs in Figure 2.1 are based on this
estimator. We introduce this estimator in Section 2.2 and discuss some of its virtues
and vices. In addition to tail-index estimation we also discuss the related problem of
estimation of the scale parameters in the tail (these are the constants c; and c_ in
(2.1)).

In Section 2.3 we discuss the theoretical problem of appearance of power-law tails
in models for daily or, more generally, low-frequency return data. In particular, in Sec-
tion 2.3.1 we address the power-law tails of univariate and multivariate GARCH models
as potential models for a set of return data from distinct assets. As a matter of fact, un-
der mild conditions, the aforementioned models have power-law tails due to their relation
with so-called stochastic recurrence equations. Moreover, some of the standard multivari-
ate GARCH models as the CCC ensure that the component-wise marginal distributions
have power-law tails with the same index.

In Section 2.3.2 we discuss an economic argument for the fact that return data of
similar assets (such as return series in a given sector of the S&P 500 index) may have
tail-indices which are close to each other. We argue based on a utility function approach.
We explicitly recognize the behavioral concern for downside risk in an investor’s evalua-
tion of a portfolio using the framework of Generalized Disappointment Aversion (GDA)
introduced by Routledge and Zin [99]. GDA is an extension of the concept of Disap-
pointment Aversion (DA) of Gul [66] who derived DA from first principles (axiomatic).

In Section 2.4 we summarize the discussion of the previous sections.
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2.2 Power-law tails of return series: some empirical results

In this section, we assume the model (2.1) for the tails of the marginal distribution of
a univariate return series (X;). For the sake of argument, we assume that this series
constitutes a strictly stationary sequence. In what follows, we focus on the left tail of the
distribution, i.e., on the losses. However, it is common to present the tail-index estimators
for positive data. Therefore we will multiply the losses X; by minus one, swapping the
negative with the positive values. For simplicity, we also suppress subscripts in the
notation:

P(—X; >x) ~ca™ @, T — 00, (2.2)

where we assume that the two parameters — the tail-index « and the scale parameter c
— are positive. They play crucial roles for the understanding of the risk hidden in the
data, hence for asset allocation and risk management. These parameters are market
characteristics and provide a simple but useful description of the risk, for example in
terms of high quantiles such as Value-at-Risk. Alternatively, these parameters can be
used for model building of the equities in the market such as the GARCH model; see
Section 2.3.

2.2.1 Hill estimates of lower tail-indices

Various estimators of the tail-index « in the model (2.2) have been proposed in the
literature; see Embrechts et al. [58], de Haan and Ferreira [67], Resnick [97]. The most
popular among them was introduced by Hill [71]. Given a sample — X7, ..., —X,, whose
marginal distribution satisfies (2.2), calculate the order statistics X 1y < < X (n) and
construct the Hill estimator:

k
= (e )

Here k is the number of upper order statistics in the sample used for the estimation.
The estimator &j is a maximum-likelihood estimator of a based on the k upper order
statistics in the pure Pareto model (recall that we multiplied the data by minus one)

[e3%

P(-X; > ) = gl r> K, (2.3)

under the hypothesis that we do not know the (high) threshold value K. The estimator
has “good” theoretical properties such as asymptotic consistency and asymptotic nor-
mality. These properties hold under strict stationarity assumptions on the data; Drees
and Rootzén [52] give perhaps most general conditions for dependent sequences and de
Haan and Ferreira [67] provide a complete asymptotic theory in the iid case.

A major problem for Hill estimation is the choice of the number &k of upper order
statistics. As a matter of fact, if k£ is too large the order statistics are too close to the
center of the distribution of the —X;, leading to a bias of the estimator. On the other
hand, by construction, &y is an average of k log-differences of the data. Therefore, the
variance of the estimator is the larger the smaller k. For these reasons, asymptotic theory
requires to choose k = k,, k, — oo and k,,/n — 0 as n — oo. This fact does not make
the estimation of o an easy matter: one has to choose a “small” value k which is not
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“too large”. For practical purposes, a so-called Hill plot is recommended where & is
plotted for a variety of k-values, corresponding to some high quantile X(,,_) of the data.
Then k is chosen from a region in the plot where ¢&; is relatively stable. For example,
in Figure 2.1 we have chosen k = 50 from a sample of size n = 1304, corresponding to
the 96%-quantile of the data. In general, the estimation of the tail-index is an art and
requires some expertise; for some guidance see Embrechts et al. [58], Resnick [97] and
Drees et al. [53].

In Figure 2.1, we exhibit 95% asymptotic confidence bands derived from the central
limit theorem

Vi (& — ) 5 N(0,07), (2.4)

i.e., 4y, is asymptotically unbiased and has variance o?/k. Since k/n — 0 this means
that the confidence bands are significantly larger than the classical 1/y/n-rates. This fact
is one explanation for the fact that it is difficult to say something meaningful about the
true value of . There exist various other reasons why one should not have 100% trust in
the confidence bands shown in Figure 2.1. Indeed, (2.4) holds under rather subtle second
order conditions on the tail P(X; > z) which cannot be verified on data. However, given
a theoretical model such as the GARCH, these conditions can be verified based on the
theoretical properties of the model. If they are not satisfied the Hill estimator may exhibit
significant bias; see Embrechts et al. [58] and Resnick [96] for illustrations of this fact
leading to so-called “Hill horror plots”. Moreover, the Hill estimator is rather sensitive to
non-stationarity of the data and to dependence. For example, results in Drees [51], and
Drees and Rootzén [52] show that the asymptotic variance of the Hill estimator can be
significantly larger than in the iid case. Since return data are dependent, the asymptotic
confidence bands should be even wider than exhibited in Figure 2.1. Again, only under
he assumption of a concrete model like GARCH these confidence bands can be evaluated
and therefore the bands shown in Figure 2.1 just show some benchmark which holds in
the iid case and under additional conditions on the tail asymptotics.

In Figure 2.1 we see significant overlap of the confidence intervals of the Hill estimates
of the losses in the “Energy” and “Consumer Staples” sectors of the S&P 500 index, as
well as those of a large portion of losses in the “Information Technology” sector. This
fact indicates that the returns in each sector may have comparable tail-indices.

Hoga’s [72] test about the change of extreme quantiles in a sample may provide some
further insight about how similar these tail-indices are. Different tail-indices are likely to
result in different extreme quantiles. Nevertheless, changes in the extreme quantiles may
also result from changing scale parameters in the tail. Therefore we first investigate the
scale parameters of daily stock returns in the same sectors of S&P 500 before we apply
the test.

2.2.2 Hill estimates of lower-tail scale parameters

We assume the pure Pareto model (2.3) with scale parameter K > 0. Hill [71] proposed
the maximum-likelihood estimator of K derived from the joint distribution of k& upper
order statistics in the sample; cf. Embrechts et al. [58], p. 334. It is given by

. AL
iy = () Xenro -
n
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Figure 2.1: Hill estimates &so of the lower tail-indices « of daily return series in sectors of
the S&P 500 index. The data span from 1 January 2010 to 31 December 2014 and comprise
n = 1304 observations. The graphs from top to bottom correspond to the “Energy”, “Consumer
Staples” and “Information Technology” sectors. Each circle corresponds to a Hill estimate &so;
the gray triangles above and below it mark the 97.5% and 2.5% quantiles of its approximate
normal distribution; see (2.4) and the discussion following it for an interpretation. The lower and
upper red lines mark the medians of the 2.5% and 97.5% quantiles, respectively, evaluated from
all stocks in the sector. The data are taken from Yahoo Finance; the labels on the horizontal
axes are Yahoo symbols of the stocks.

Using the asymptotic normality property of upper order statistics (cf. de Haan and
Ferreira [67], Theorem 2.2.1), one can show

VE(Ky—K) S N(0,(K/a)®) and Vk(Kp - K*) 3 N(0, K2,
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where the tail-index « is regarded as known. From the above asymptotic normality
property, confidence bands of K, and K’,‘g‘ can be constructed. Estimates K, in the
“Energy”, “Consumer Staples” and “Information Technology” sectors of the S&P 500
index are computed using this method. The results are shown in Figure 2.2. One can see
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Figure 2.2: Estimates of K}, (top) and K¢ (bottom) on log,,-scale of stocks in sectors of the
S&P 500 index. The estimates are ordered according to the corresponding estimated a-values.
The points are the estimated values, the bars the asymptotic 95%-confidence intervals; the
confidence bands of the corresponding Hill estimates & of these sectors are shown in Figure 2.1.

that K generally takes a rather small value. For the more volatile sectors of “Energy”
and “Information Technology”, the average value of K is around 0.01, while for the more
stable sector of “Consumer Staples”, the average value is around 0.005. Due to the
smallness of K, mild variations of o would lead to huge variations of K<, as shown in
the 2nd row of Figure 2.2.

Secondly, it appears that there is positive dependence between the values of o and
K. As argued in Section 2.3.3, this is consistent with the assumption that the return
series have Pareto tails on both sides with the tail parameters on each side independent
of those on the other.

Thirdly, Figure 2.2 shows that, on average, the values of K in the “Energy” and
“Information Technology” sectors are larger than those in the “Consumer Staples” sector.
For a given loss probability, a larger value of K implies that large losses are more probable.
Thus one can conclude that these two sectors are considerably riskier than the “Consumer
Staples” sector. This is of course a confirmation of one’s economic instinct.

Yet another indication from Figure 2.2 is that, while the “Energy” and the “Infor-
mation Technology” sectors are similar in riskiness, the dependence between o and K is
stronger in “Energy”. As discussed in Section 2.3.2 below, when moving along a curve
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of equal preference in the direction of increasing «, the parameter K also increases. So
the strong positive dependence seen in the “Energy” sector suggests that these stocks
might have very similar investor preferences. This in turn may be attributed to stronger
business relations between the energy enterprises. While two I'T companies may provide
a variety of products and services and do not depend on each other, two energy compa-
nies are more likely to depend on each other via relations of supplier and customer or
otherwise to compete with each other if they are on the same link of the chain of energy
production and distribution.

2.2.3 A test for equal tail-indices based on Hill estimation

Suppose we have two independent strictly stationary positive series Xi,...,X, and
Y1,...,Y, with corresponding distribution functions F'x and Fy that have power-law
tails with indices ax and ay, respectively. From (2.4) one can deduce

Y (ax - ax> q (?j) ~ N (0, ding(a%, a2) (2.5)

by — ay

where &x and &y are Hill estimators of ax and ay; we suppress their dependence on k.
Then it follows from the continuous mapping theorem

VE[(ax — ax) — (by — ay)] S Zx — Zy ~ N(0,0% +a2). (2.6)

This relation allows one to construct an asymptotic test under the null hypothesis
ax = ay and with test statistic &x — &y. We apply this test to the equities in the
“Energy”, “Consumer Staples” and “Information Technology” sectors of the S&P 500
index. The results are shown in the top row of Figure 2.3. They indicate that tail-indices
of equities in the “Energy” or “Information Technology” sectors are more variable than in
the “Consumer Staples” sector, as the null hypothesis is rejected more often for members
of these two former sectors. Moreover, these figures suggest that the test based on the
Hill estimator is quite powerful in distinguishing between tail-indices. In contrast to the
test presented in Section 2.2.4 the present test results in more rejections for the “Energy”
and the “Information Technology” sectors.

As a caution, one should bear in mind that (2.5) is valid on condition that the X-
and Y- series are independent of each other (or weakly dependent on each other), which
is generally untrue for two return series in the same market.

2.2.4 A test for a change in the extreme tail

Here we apply a test from a recent paper by Hoga [72]. This test has been developed
for a different kind of problem. Given a strictly stationary time series Xy, ..., X,, with a
marginal distribution F' with right power-law tail, the goal is to test whether there is a
structural break of the extreme quantiles F~*(1—p) for values p very close to zero. If the
tail-index or the scale parameter in a distribution of type (2.3) change inside a sample,
then it is likely that the extreme quantiles change as well. We will test for a change of
tail-index or scale parameter in this indirect way.

The null hypothesis of the test in [72] is that there is no change of the extreme
quantiles F~1(1 — p) for p = p, — 0 in any subsample with indices t € (ntg,n(1 — tg))
where ¢y is a fixed number in (0,0.5). Writing £,(a, b) for an estimator of the extreme
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Figure 2.3: Top row: Test for pairwise equality of tail-indices of losses in the “Energy”,
“Consumer Staples” and “Information Technology” sectors of S&P 500. The test statistic
in &x — &y is based on Hill estimates of ax and ay. The green, blue and red points
correspond to pairs of stock in a sector when the test statistic is outside the intervals
[90.075, 90.925]5 [90.05,0.95], [q0.025, 0.975], Tespectively, where g, is the p-quantile of the
limiting N (0, a3 + o2 )-distribution of the test statistic in (2.6). Grey points stand for
pairs for which the test statistic is inside [go.075, ¢0.925]. Bottom row: Test for changing
tail-index or scale parameter of losses using Hoga’s test based on concatenated series of
pairs of stocks. The green, blue and red points correspond to pairs of stock in a sector
when the test statistic T, exceeds the 85%-, 90%-, 95%-quantile of the limit distribution.
Grey points stand for pairs for which the test statistic is below the asymptotic 85%-
quantile. Black points represent pairs for which the computation of T;, fails for given
precision requirements and time limits. The same number (50) of upper order statistics
is used for both tests.

(1 — p)-quantile based on the subsample with indices ¢ € (na,nb), the test statistic is
given by

T.—  sup [3(1 —s)log (ﬁz(jf)/jp(s’ 1))}

s€[to,1—to] ftz [7‘ log (ﬁp(O, r)/&p(0, s))] “dr + fs [(1 —r)log (fﬁp(r, 1)/2p(s, 1))] *dr
(2.7)

Under the null hypothesis, (7,,) converges to a complicated functional of Brownian
motion on [0, 1]; the asymptotic quantiles need to be evaluated by simulation.

When applied to our problem we would like to test whether there is a change of

the tail-index or scale parameter in (2.3) in each of the S&P 500 series in the distinct
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sectors. We also want to get some indication about a possible change of tail-index or
scale parameter from one series to another within a given sector. For this reason, we
choose any pair of series within a sector and concatenate each of the paired series. Then
we run the test on the concatenated series. Of course, despite the fact that we test
changes of tail-index or scale parameter in a very indirect way — there may be many
other reasons for the change of extreme quantiles in a sample — we also concatenate
two rather distinct series. Even if we assume that the two series come from related
models (such as GARCH), the parameters of these models will in general not be the
same. Moreover, the concatenation of two strictly stationary time series is in general not
strictly stationary. Therefore we have to be careful with interpretations of the results of
the tests.

In Figure 2.4 we show the values of the test statistic T}, (horizontal bars) for to = 0.1
and daily return series of stock in the “Energy” and “Consumer Staples” sectors of the
S&P 500 index. The “null hypothesis” is that the tail-index and scale parameter remain
the same throughout the selected period of time. For most stocks, the hypothesis cannot
be rejected even at the 85% level. This fact may be an indication that the distribution
inside a series is rather homogeneous. Alternatively, it may show that the power of the
test is very low. A possible reason for this suspicion is that the convergence rate of (T5,)
to its limit is very slow, i.e., the asymptotic distribution is not representative for the
distribution of T;, for the chosen n; for some simulation evidence, see below.

To check whether any pair of stocks shares the same tail-index and scale parameter
we concatenate any two series and apply the aforementioned test on the concatenated
series. For the “Energy” and the “Consumer Staples” sector we summarize the results in
the bottom row of Figure 2.3. These graphs show that the “null hypothesis” of an equal
tail-index and scale parameter is rejected for more pairs in the “Energy” sector than it
is for those in the “Consumer Staples” sector. This suggests that lower tail-indices of
stocks in the “Energy” sector are more spread out than those of the “Consumer Staples”
sector. Also observe that while 3 stocks, say A, B and C, test in favor of the relations
ap = ap,as # ag, it often happens that another test on B and C is supportive of
ap = ac. Again, this is due to the limited power of the test. Based on such results, one
may guess that ap lies between a4 and a¢. The test is unable to recognize the smaller
differences between a4, ap on one hand and between ap, ac on the other hand.

To get an idea about the power of the test we run it on a sample concatenated from
two independent iid samples of the same size n = 1304 as the S&P 500 series. Both pieces
are t-distributed with distinct degrees of freedom. The results are shown in Figure 2.5:
the power of the test is the smaller the larger the minimum tail-index in the concatenated
pair.

A major problem of this test is the asymptotic distribution of the test statistic under
the null hypothesis. The rate at which the finite-sample distribution tends to its limit is
not known. To find out about this problem we compared the distributions of T}394 for
t-distributed X; with @ = 3 and « = 4 degrees of freedom with the limit distribution of
T,. The estimated density functions are shown on the right of Figure 2.5. As seen in
the graph, the asymptotic distribution assigns significantly more mass to the tail than
the distributions of T}, do. For comparison, we list a few quantiles of these distribu-
tions in Table 2.1, showing major differences between the asymptotic and finite-sample
distributions.

Figure 2.6 points at another shortcoming of the test: we show 7;, for an arbitrarily
chosen random permutation of the concatenated data from two different stocks. In this
case the null hypothesis that two series have the same tail-index is rejected much more
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Figure 2.4: Test statistic T,, from (2.7) for the stocks in the “Energy” and “Consumer
Staples” sectors of S&P 500. The green, blue and red lines correspond to the 85%, 90%
and 95% quantiles of the limit distribution of T;,. They are derived by simulations from
the limit distribution.
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Figure 2.5: Left: Test of concatenated t-samples with different degrees of freedom a.
Numbers on the axes are the degrees of freedom in the subsamples. For an interpretation
of the colored bullets, see the caption for the bottom row of Figure 2.3. The graph shows
the limited power of the test. In particular, if both degrees of freedom are relatively large
it loses the capability of distinguishing between the distributions. Right: Comparison of
the asymptotic distribution of the test statistic 7}, in (2.7) under the null hypothesis and
the distribution of T;, for n = 1304 iid t-distributed X; with 3 and 4 degrees of freedom.
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Quantiles
Distribution of X; | 80% 85% 90% 95%
Asymptotic 47.48 | 59.61 | 78.90 | 113.12
t(3) 23.30 | 28.27 | 35.04 | 46.75
t(4) 25.76 | 31.13 | 38.81 56.32

Table 2.1: Quantiles of the test statistic T3, for n = 1304 t-distributed samples with
a = 3 and a = 4 degrees of freedom as well as the corresponding quantiles for the
limiting distribution of T;,. In particular, there are huge differences between the three
distributions for the higher quantiles.

often, as a comparison with the bottom graphs of Figure 2.3 shows. If the data in the
concatenated series were iid a random permutation would not change the distribution of
T,,. Thus the value of the test statistic T, strongly depends on the dependence structure
of the underlying data and therefore a test based on T,, may be misleading.
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Figure 2.6: Test for changing tail-index or scale parameter of losses using Hoga’s test
based on concatenated series of pairs of stocks. A random permutation is applied to
the observations of each series. The green, blue and red points correspond to pairs of
stock in a sector when the test statistic T}, exceeds the 85%-, 90%-, 95%-quantile of the
limit distribution. Grey points stand for pairs for which the test statistic is below the
asymptotic 85%-quantile. Black points represent pairs for which the computation of T,
fails for given precision requirements and time limits.
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2.3 Some theoretical arguments for equality of tail-indices

2.3.1 Multivariate GARCH models whose components have equal
tail-indices

Among the models for returns the generalized autoregressive conditionally heteroscedas-
tic (GARCH) model is certainly most popular because it is parsimonious, captures various
of the stylized facts of real return data and can also be modified in various directions
to capture specific behavior of time series such a asymmetry, skewness, long memory;
see for example Andersen et al. [4], Part 1, for a collection of results on GARCH-type
models. The original univariate GARCH model of Bollerslev [24] is a stochastic volatility
model of the type X; = o1 Z;, where (Z;) is an iid mean-zero unit-variance sequence.
In the simple case of a GARCH the squared volatility satisfies the stochastic recurrence
equation

0'152 = ap + OletQ_l + ﬂlaf_l =g + (0412752_1 + 51)0’?_1 , teZ. (2.8)

Here ag > 0, aq, 81 are non-negative constants. For suitable choices of oy, 81 the equa-
tion (2.8) can be solved and the solution (02) constitutes a strictly stationary sequence,
implying that (X;) is strictly stationary itself. A remarkable property of the process (o)

is that it has a power-law tail of the form
Ploy > x) ~ca™, x — 00, (2.9)

for some positive ¢ > 0 and a positive tail-index a which is the unique solution of
the equation E[(a;Z? + 1)*/?] = 1 provided that the solution exists and some mild
assumptions on the distribution of Z; hold. This result follows by an application of
the Kesten-Goldie theorem; see Kesten [84], Goldie [64], cf. Buraczewski et al. [29] for
a recent textbook treatment. The latter result ensures power-law tails for the strictly
stationary solution (Y;) to the stochastic recurrence equation

Y, =AY, 1+ B, t€Z, (2.10)

for an iid sequence of pairs (A, B:), t € Z, with non-negative components satisfying
IE[A?/Q] = 1. In the model (2.8) we can choose Y; = 02, Ay = a1 Z} | + 31 and B, = ag
to achieve (2.9). In turn, by an application of Breiman’s lemma (see [29], p. 275) it
follows that

P(+X; > x) ~ E[(Z:)§]P(or > ), r — 00,

implying power-laws for the right and left tails of X; caused by the power-law tail of oy.

A GARCH process of the order (p,q) can be embedded in a multivariate equation of
the type (2.10), where (A;) are iid random matrices and B = By is a constant vector.
Again, the Kesten theory [84] applies, implying that the marginal and finite-dimensional
distributions of the GARCH process are regularly varying with a positive index a. We
refrain from explaining the notion of multivariate regular variation which is needed in
this context. For further details, see Buraczewski et al. [29] where the Kesten theorem
and regular variation of GARCH processes are explained in detail.

There exist various extensions of the univariate GARCH model to the multivariate
case. For the sake of argument, we stick here to the constant conditional correlation
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(CCC) model of Bollerslev [25] and Jeantheau [80], and we only consider a special bi-
variate case. It is the model

Xy o1t 0 AR
X, = )= (o t)-o%,z,, tez.
¢ (Xz,t> (0 o2t ) (Zz,t> Lo

Thus both return components X;; have the form of a univariate stochastic volatility
model X; ¢ = 0;+Z;+ with non-negative volatility o;; and an iid bivariate noise sequence
(Z) with zero mean and unit variance components. We also have the specification

2 2 2
ot ao1 air a2 X1t fur Pz 01,1
Y, = : = ; :
' ( 3 1 ) ( Q02 >+< Qo1 Q22 > ( X3, > +( far Baz 0341
@or ) 0611Z12,t71 + f11 0112222,t71 + P12 U%,tfl (2.11)
Q02 @128y 1+ B 22734 4 + P22 05,1 )T
for positive ap; and suitable non-negative o, 3;;, ¢,7 = 1,2. Writing

Qo1 anZi, 1+ B 2Zi,_+ B2
B; = and A, = : : 7
! ( Qo2 ) ‘ ( anZi, g+ P aaZ3, y+ P

we see that we are again in the framework of a stochastic recurrence equation but this
time for vector-valued B; and matrix-valued A;:

Y, =AY, 1+B;,, tcZ. (2.12)

Kesten [84] also provided the corresponding theory for stationarity and tails in this case.
Staricd [107] dealt with the corresponding problems for CCC-GARCH processes, making
use of the theory in Kesten [84], Bougerol and Picard [26] and its specification to the tails
of GARCH models in Basrak et al. [14]. Staricd [107] assumed the Kesten conditions
for the matrices A;. These conditions ensure that the product matrices Aq--- A, have
positive entries for sufficiently large n. Then Kesten’s theory implies that all components
of the vector X; have power-law tails with the same index « and also that the finite-
dimensional distributions of the process (X;) are regularly varying with index .

Various GARCH modifications are derived by considering linear combinations of
CCC-GARCH models. The property of multivariate regular variation of multivariate
GARCH ensures that, after linear transformations, the new process in all components
has again power-law tails with the same index as the original GARCH process; see Basrak
et al. [14]. Models which are constructed in this way are the Orthogonal GARCH model
of Alexander and Chibumba [2], its generalization GO-GARCH by van der Weide [113],
the Full Factor GARCH model of Vrontos et al. [116] and the Generalized Orthogonal
Factor GARCH model of Lanne and Saikkonen [87]. These models are characterized by
their treatment of each series as a linear combination of factors, and each of the factors
is modeled as a GARCH process; see Silvennoinen and Terédsvirtd [104].

Not all choices of a- and S-parameters in the model (2.11) allow for an application
of the Kesten theory. For example, assume that only the diagonal elements «;; and
B;; are positive. Then A; is diagonal and, hence, the condition that A;---A, have
positive entries for sufficiently large n cannot be satisfied. In the latter situation, both
(X1,) and (Xa.) are univariate GARCH processes. Assuming the conditions of the
univariate Kesten-Goldie theorem for each component process, (Xi,) and (Xz,) have
power-law tails with indices k1 and ks, respectively, given by the solutions to the equa-
tions E[(aiiZzt + Bi)%/?] = 1, i = 1,2. In this model, one can introduce dependence
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between the two component series (X;,) and (X5 ,) by assuming dependence between
the noise variables Z; ; and Zs ;. Another situation when the Kesten theory fails appears
when A; is an upper or lower triangle matrix: then the products A; --- A, are always
of the same triangular type. Similar remarks apply when one considers a CCC model
in general dimension. Of course, one may argue that the latter models are not natural:
they are degenerate since they do not allow for a linear relationship between all squared
volatilities on a given day.

2.3.2 A utility based argument for equal tail-indices

In this section we give an argument based on economic theory that suggests equality of
tail-indices for equity return series. We follow an approach by Routledge and Zin [99]
who introduced the notion of Generalized Disappointment Aversion (GDA). We consider
the risky payoff C' of an investor and assume that it has a continuous distribution on
(0, 00) with distribution function F. Let u be a utility function assumed to be increasing
and concave on (0,00). Following Routledge and Zin [99], the utility of an agent with
GDA preferences is given by

ov
u = E[uC)]—b /o [u(6v) — u(z)] Fo(dz),

where 6 and v are positive constants, and b > 0. Here v can be thought of as the
certainty payoff equivalent to the risky payoff C; § tunes the threshold of disappointment
in proportion to v; b determines the extra weight given to the expected return of C'
when C' is below the disappointment threshold dv. If b = 0, preferences are the classical
expected utility. If § = 1 and b > 0 preferences follow Gul’s [66] disappointment aversion
which were generalized by Routledge and Zin [99].

An agent guided by the utility function u will seek to maximize the functional w.
Routledge and Zin assumed a power-law utility function

u(z) =—-x7%, £€>0. (2.13)

For the sake of argument, we assume that an investor initially has one unit of wealth.
He invests 1 — ¢ € (0, 1) units in a risk-free bond with interest rate r > 0 and ¢ units in
a risky asset with return X over one time unit, i.e.,

C(X)=(1—¢)e" +¢e™. (2.14)
Then we have
W(Fx.¢) = Eu(C)] +bE[u(0)11,C < 6v)] — bu(5v)Fx(q).
where F'x is the distribution function of X and

6v—er).

q:log(e’“—i—
¢

Note that C' < év if and only if X < gq.
Naturally, if an agent invests in a risky asset instead of a riskless bond, he expects
to obtain a higher (on average) return from the risky asset than he is guaranteed from
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the riskless bond. In our notation, this means v > e” or ¢ > r. For given b, d,v, the
functional @ depends only on ¢ and Fx, u = u(Fx, ¢). We assume that

ﬂmax = ﬂmax(-FX) - Oglgz?i(l "LZ(F)(, (25)

exists and that the maximum is achieved at a unique ¢ € (0,1).

2.3.3 Pareto-distributed returns

Since we are interested in the influence of heavy-tailed losses on the preferences of an
investor we assume the following toy model. We consider the case when X has a two-sided
Pareto distribution given by

Fe@ =4 " <KI:”) r=0 (2.15)

,\B
1—(1—p)(KI,<7+I) x>0,

where o, 8 >0, K, K’ > 0,0 <p < 1. We also write fx for the density function of Flx.
We have

0
WPxo) = oK%y [ u((1= o) +oe7) i da
Y =) [ (- +oer) ISR g,
—bu(sv) Fx(q). (2.16)

We observe the following property whose proof is given in Appendix 2.C.

Lemma 2.1. Assume the two-sided Pareto model (2.15), that there is no functional rela-
tionship between o, K and j3, K’ and the utility function u is increasing and differentiable.

Then ngax >0 and L’g,}?" < 0.

We conclude that Uy,ay increases with o and decreases with K. Therefore there is a
curve of equal preference on the (a, K)-plane. Moving along this curve in the direction
of increasing «, one expects the values of K to increase too, i.e., the estimated values
of a and K should appear positively dependent. Figure 2.8 illustrates this scenario for
& = 1/2,4 for the power-utility function (2.13). In fact, this positive dependence is
indeed observed for some real return data, e.g. the “Energy”, “Consumer Staples” and
“Information Technology” sectors of the S&P 500 index; see Figure 2.2.

A particularly interesting case occurs when Fx is symmetric, i.e., when a = f,

K = K’ and p = 0.5. Then (2.15) turns into

dx

o o u(C(2)) |1 = 155 azqy | +u(C(~2))
ﬂ(Fx»@ = 5Ka(1+b)/o |: (;b+{x)aj!
—bu(év)Fx(q) . (2.17)

This situation is not covered by Lemma 2.1: for the proof of the latter result we used
Lemma 2.2 whose assumptions are not satisfied in the present situation. Indeed, the
integrand

Uan(a) = u(C) |1 = 0o 2 )] + u(C(-0)
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is not monotone.?

We resort to numerical methods to gain some understanding of how @(Fx, ¢) changes
with «. The value of é can be calculated by numerical integration and optimization with
respect to ¢ for given values of K, K’,a, 3. This is shown in Figure 2.7 for the power
utility function (2.13) both for fixed K’, 8 and for K = K', o = 8. The corresponding
values tmax (e, K) are shown in Figure 2.8. If K’ and f are fixed, both Umax(c, K) and (;AS
increase with o and decrease with K. This is in agreement with Lemma 2.1. In contrast,
when K = K’ and a =  Upmax(a, K) decreases with « but is rather insensitive with
respect to K. On the other hand, q§ is not monotone with respect to a or K. For each
fixed K, it peaks at an a-value somewhere below 1. For realistic values a € (2,4), g?)
is a small value below 5%. Since Umax(c, K) decreases with «, investors who seek to
maximize Umax (e, K) will prefer the smallest o in the market, resulting in similar values
of a for different equities.

Figure 2.7: The 1st and 2nd graphs show QAS, the optimal equity allocation as a function
of @ and K in the two-sided Pareto model (2.15) for fixed K’ = 0.012, 8 = 1.4. The 3rd
and 4th graphs show (;AS as a function of o and K with 8 = a and K’ = K. We choose
the utility function u from (2.13) for £ =1/2 and £ = 4, b = 0.01 in all cases.

2To see this we may plug (2.13) in U,y and re-write it as
p—¢ b —¢ 1€
Ua11(m)=—T 1—1—+b1{(}12q) [a—l—ew] + lat+e* ,

U(=)

where a = (1 — ¢)e” /$. Direct computation gives

+€z)7§71£ez e B
v’ _ _late?) oN—E—1g —a
(z) b7 ) +(a+e %) e %, T#q

The function U(z), hence Uy, is not monotone because U’(z) > 0 for all large = while U(z) decreases
in a small neighborhood of g.
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The economitrical differences be-
tween the two utility functions are
illustrated in the graph to the left.
We see that u(z) grows slower and
saturates later for small ¢ than for
large £. The latter case represents an
agent who is more tolerant about low
consumption and seeks wealth more
aggressively. In other words, he is
less risk-averse than one with a larger
£. Such an agent will therefore in-
vest more heavily in equity, as shown
in Figure 2.7. Note that, while quﬁ
changes nearly in the same way in
both graphs, the scales in the graphcs
are very different.

Figure 2.8: The 1st and 2nd graphs show tmax(a, K), as a function of o and K in the
two-sided Pareto model (2.15) with K’ = 0.012, 8 = 1.4. Clearly, timax(a, K) increases
with « and decreases with K when K’ and 8 are fixed. The 3rd and 4th graphs show
Umax(a, K) as a function of & and K with 8 = a and K/ = K. We choose the utility
function w from (2.13) for £ =1/2 and £ =4. b= 0.01 in all cases.

If the parameter b is very small the GDA preference is closely approximated by the
mean-utility preference, corresponding to b = 0. In this case, we show in the proof of
Lemma 2.5 that the function U,;(z) may increase or decrease depending on particular
conditions on the values of £ and (1 — ¢)e” /¢:

1.

2.

CIfl<é<aand (a+yq)/(ays +1) > yy

If max{a,1} < &, Uun(-) is monotone decreasing.

(1-8)/(14¢)

Ifa<é<land (a+y-)/(ay—+1) <y~ , Uan(+) is monotone decreasing.

. If € <a <1, Uuy(-) is monotone increasing.

(1_5)/(1+§), Uan(+) is monotone increasing.

. In other cases, U,y (+) is not monotone.
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where
o - Uzoe
@~ ¢+ /(@ - D? =)
- a€—1)

Moreover, it is also easily checked that, when 2 € (0, K (e'/* — 1)], the density function
in the integral of (2.17) increases with a; when x € (K (e'/® —1),00) it decreases with a.
Following the arguments for Lemma 2.1, and applying Lemma 2.2, it can be seen that
Umax (@, K) increases/decreases with oo when U,y () decreases/increases.

2.4 Conclusion

We have established that, in the case of an equity return series with two-sided, func-
tionally independent Pareto tails, investor preference functionals are monotone increas-
ing/decreasing with the tail index/scale parameters. Thus in a market dominated by
such equities, the investors would pursue the largest tail index in the market, leading to
a shared common tail index for all equities.

The empirical results presented in section 2.2 suggest this may well be the case for
the “Consumer Staples” sector of S&P 500, given the Hill estimates of tail indices shown
in figure 2.1 and the largely positive results of tests for equal tail indices shown in figure
2.3.

On the other hand, we have also seen that, when the left and the right tails have
the same indices, investor preference over the equity has more sophisticated variations
in the parameters’ space including the tail parameters of the equity, the interest rate,
the investor’s risk apetite as captured by his utility function, and his threshold of disap-
pointment.

We also acknowledge that our model of the market and the investor is a simple one,
not accoounting for the dependence between equities, nor the categorization of investors
and their interactions. These are potential topics of future work.

2.A A monotonicity lemma

Lemma 2.2. Assume distribution function F(x,0) parameterized by 0 € © C R has sup-
port (a,b) C R, and in addition F(x,0) has density function f(x,0) that is differentiable
with respect to 6 for all @ € ©. Let X ~ F and assume function h(-) is defined on (a,b)
and is monotone throughout this interval. Moreover, we assume h(x) and f(x,0) satisfy

/” of (x,0)

b
h(m)‘ dr < 0o (2.18)
Then the following holds true:

of(z,0)

0 dm<ooand/

a

00

1. If h(-) is decreasing and Ixo € (a,b) such that %(x,@) > 0 for x € (a,x0) while
%(x,@) <0 for x € (x9,b), then

OER(X)

a0 >0
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2. If h(-) is increasing and 3xo € (a,b) such that %5(:3,0) < 0 for xz € (a,x0) while
%(az,@) > 0 for x € (x0,b), then

OER(X)
90

>0

Remark 2.3. Two other cases follow trivially from lemma 2.2:

1. If h(-) is increasing and % satisfies the same conditions of the 1st case of lemma

2.2, aEg(gX) < 0. This immediately follows from applying 1st case of lemma 2.2 to

—h(-).

2. By the same argument, if h(-) is decreasing and % satisfies the same conditions of
the 2nd case of lemma 2.2, %éx) < 0.

Proof. Firstly, by dominated convergence theorem, conditions (2.18) imply, for all S C
(a,b),

0 0
%/Sf(mﬁ)dx = /S%f(x,ﬂ)dx

B o
%/Sh(x)f(x,@)dx = [ 1) a0y
Thus we have
OER(X a [°
% = %/a h(z)f(z,0)dx
b9
/h(w)a—g(x,ﬂ)dx
) b
_ / h(m)%(mﬂ)dw—k/ h(:c)%(:cﬁ)dm
Iy I

xo being located in the interior of (a,b) and h(-) being monotone imply h(zy) < oo.
1. When h(z) is decreasing on (a,b) and %(w, 0) > 0 on (a, )

mog

L > h(xo) 90

(z,0)dx

a

Similarly, because %(m, 0) < 0 for = € (z9,b) and h(z) is decreasing, we have

o (.0)

f
29 90

b
0
IQ = / —h(on)

20 dx

b
dx > —h(xo)/

Finally we have

OEh ) o [°
aéX ) > hao) a%(x, )i = hro) o / F@,0)dz =0

a
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2. If h(-) is increasing and 3z € (a,b) such that 2 (z9,0) < 0 on (a,z0) while

00
%(xo, 6) > 0 on (xq,b), by similar arguments, one can show

OER(X)

90 >0

2.B  When equity returns follow Student’s t-distribution
It is a common practice to use Student’s t-distribution to model the stationary distribu-

tion of equity returns. So it is of interest to find out what implications this distribution
has when it is combined with the PDA preference. Formally we assume

s et (14 2)

where o > 1 and

In the same way as for (2.17), we can write u(F, ¢) as

wre) = 0+0) [ {uCw) [1- i) +uC0)} S0y

Uanl
—bu(dv)Fx(q) (2.19)

where C(+) is defined in (2.14). As shown in lemma 2.5, when b = 0 and u(-) takes the
power-form of (2.13), U,y is monotone depending on the values of £ and (1 — ¢)e"/¢.
As given in lemma 2.4, there is a point x¢g > 0 such that g—i(:ﬂo,a) = 0 and Vx €

(0, :ro), 8£ (z,) > 0 and Vz € (xg,00), ai (x,a) < 0. Thus it remains to verify
IS 155 (2, a)|de < oo and [ [Uan(z )g(’; (z, a)|d1: < oo if we are to apply lemma 2.2.

AS computed in the proof of lemma 2.4, a L (z,a) is given by (2.20). It is also shown
there £ c(a) > 0. Thus for I 155 (@, ) |da < oo it suffices to show

o0 1.2
dx <
/0 (22 + @) (1 + 22 /a)2/2+1/2 v

We may write

o0 .’£2 d
/ 12—|—04)(1+:c2/oz)‘1/2+1/2

z? "
/ / (22 + a)(1 + 22 /a)>/2+1/2

I+ 1

Clearly
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while

/‘X’ 1 1 dx

I, =
1 1+a/z? (1/22 +1/a)(et)/2 gotl
o dx
+1)/2
So we conclude [72L (2, a)|dzx < co. To see [;° |Uan(2) 3L (2, @)|dz < oo, we note
Uan(@)] < [(1—¢)e" +e] 5 +[(1—g)e" +e*]¢

< 14+(1—¢) et

Since [;° |5L (@, a)|dx < oo, it follows from the above inequality [, |Uan(z )gi (x,a)|dx <

0o. Thus by lemma 2.2, Uy is monotone increasing/decreasing with o when Uy (+) is
monotone decreasing/increasing. Accordingly, an investor guided by the utility function
will seek the largest/smallest o observed in the market.

If however b > 0, Lemma 2.2 is not applicable anymore. Nonetheless, numerical
analysis lends some insight. As shown in figure 2.9, (;AS is monotone increasing for all 4
values of b, while @myax () is increasing with « when b is relatively large, but decreasing
with @ when b is small. We note that a sizable value of b indicates a conservative,
risk-averse investor.

Lemma 2.4. Let f denotes the density function of the Student’s t-distribution, i.e.

2>—(a+1)/2

where o > 1 and

Then there exists xg > 0 such that %(xo,oz =0 and Vz € (0,zg), %(x,a) > 0 and
YV € (x9,00), %(m,a) < 0.

Proof. Straightforward computation gives

of (z, ) _ c()z?(a+ 1) + (202 + 2a2)d (o) — ac(a)(z? + a)log(1 + 22 /a)
da 2a(x2 + a)(1 + 22/a)o/2+1/2
= Pl o) (2.20)

2c(22 + a)(1 + 22 /a)2/2+1/2

While the denominator of the right side of 2L (z @) is always positive, its numerator
P(22, ) has a single root:

1 / 1 2
T3 = aexp {W [— (1 + a) e1m2 (@) (@)1 el g 4 o + = () } -« (2.21)

(@)

where W (+) is the principle branch of the Lambert W function. and ¢(+) is the derivative
of ¢(+). To check the right side of (2.21) for positivity, we first note ¢/(a) > 0:

(/2 +1/2) {a[¥(a/2 4+ 1/2) — ¥(a/2)] — 1}

¢la) = o (ar/2) () 3/2
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Figure 2.9: ¢ (left) and 8%‘;"“‘ (right). top: € =1/2. bottom: £ = 4.

where U(-) is the digamma function:

_ dlog[I'(z)]

U(z) T
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As shown in the figure to the left, ¥(z) is increas-
ing for x > 0. This immediately follows from the
series representation

n=1
2
which gives
]
oV(z+1) 1
ol T DY el
2 4 6 8 10 n=1
o See Abramowitz and Stegun [1], p.259, formula
6.3.16. Therefore ¥(a/2 + 1/2) — ¥(a/2) > 0.
o So we have
. alP(a/241/2) — V(a/2)] -1
> 1Ix[P(1/2+1/2)—9(1/2)] -1
4 = log(4) — log(e)
> 0

Thus ¢/(e) > 0. Furthermore, we recall W () is
increasing on its principle branch. So

W {— (1 + 1) e—1—20’<a>/c(a>—1/a] +1+ 1 + 2¢'(a)
« «a

c(a)
> Wil—(1+ L + M e~ 12¢ (@) /e(@)=1/a| 4 1 4 1 n 2¢ ()
o c(a) a (o)

= W(-ye™)+y

where Lo
y=14 242200 oy
a )

Now notice

log(ye™) = log(y) —y

is a decreasing function for y > 1. Thus —ye™¥ is an increasing function. Hence we have
W(-ye %) +y > W(—eH+1=0

Now it is clear

1 / 1 27
aexp {W |:_ (1 + ) 6—1—20 (@) /e(a)—1/cx F14 =4+ c (Oé) } —a>0
« a  c(a)

Now that we have established that %(z, «) = 0 has a single positive root, it remains to

determine the sign of %(m, «) on the two sides of the root. For this purpose we observe

P(0,0) = 2a%¢ () > 0 (2.22)
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So we want to investigate %—i(az, a):

oP

%(x, a) = 2ad(a)+ c(a) — ac(a)log (1 + 2) (2.23)

Clearly, 22(0,«) > 0. Hence from (2.22) and (2.23) it is clear

sien g(xa) B 1 0<z<uxg
& da '’ Tl -1 z>ax

where z is the positive root of (2.21). O

2.C Proof of Lemma 2.1

Proof. Let .
¢ := argmax u(Fx, ¢) (2.24)
0<¢<1
We have .
ﬁmax(-FX) - a(}7)(7 ¢)
It follows
dumax(FX) _ au(a7 (b) ’ + au(aa QS) ‘ % (225)
da o/ P 06 |4y O
The definition (2.24) implies for all «
3“(80" ) ’ —0 (2.26)
¢ lo=d

So the second term of (2.25) vanishes. It remains to show the first term is positive. From
(2.16), it follows

ou , 0 r T
% = S-Eu((1 - §)¢" + de") 1 x<o)]

The function u((1 — ¢)e” + ¢e®) is obviously increasing with z. It follows

Ofx(z;a,K) 0 aK® _ K T
9o 0a(K—aptl (K —z)ot jvtog (1-5) 1]

It is easily checked

0 aK*® >0 whenz < K(1—¢€/%) <0
o (K — )+l | <0  when K(1—e/*) <z <0

This is the second case of lemma 2.2. So we have W > 0. As for aa,%lgb"x)’ by the

same argument, it suffices to show w < 0. We have
ou(K,¢) 0

— = 67(E [u((1 = p)e" + ¢e”)11x<0y]
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and
Ofx(x;0, K) 0 aK® _ ot w+ K
0K 0K (K — z)ot! (K — z)ot2
Clearly,
0 aK“ >0 whenz<—-K/a<0
OK (K —x)et! | <0 when —K/a<z<0
So by the 1st case of Remark 2.3 we conclude % < 0. O

2.D Lemma 2.5

Lemma 2.5. Let u(-) and C(-) be defined as in (2.13) and (2.14) respectively. Define

Uit = w(C(@)+u(C(-2)) @20
L -oe
a ¢
I VI G )
€= 1)

The following holds true:
1. If max{a,1} <&, Uqu(-) is monotone decreasing.
2. Ifa<&<land(a+y-)/(ay-+1) < yA=8/are) Uaui(+) is monotone decreasing.
3. If¢<a<1, Uy() is monotone increasing.
4. Ifl1<&<aand (a+yy)/(ays +1) > y(j*g)/(lﬁ), Uan(-) is monotone increasing.
5. In other case, Ug(+) is not monotone.

Proof. Tt is convenient to re-write U, as

_ e i
Uall:_ﬁ |:(1;¢)€T+€m:| + [(l;mer—&-e—m]

U(=)

Thus the monotonicity of Uay () is the opposite of U(z). For convenience of writing, let
a=(1—¢)e"/p. First of all, we find the conditions on which U(z) is monotone. Direct
differentiation yields

oU (z) _ 7(a+6x)7§71561+(a+67x)7§71£67x
oz
6%—5;3) = 0 is equivalent to
ay +1
1-¢
logla+y) —loglay +1) = < - log(y)

)
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where we have defined y = €%, and f(y), g(y) as above. Observe

of—g)y) _al€—1)y>+2(§—a’)y+a(—1) (2.27)
9y 1+ &(a+y)(ay + 1)y '

B(fgi:z)(y) = 0 has two roots when & # 1

@t /@ @)
a(§ —1)

1. If min{1,£} < a < max{1,&}, y+ are not real, a(fgig)(y) = 0 has no solution on
(1,00); (f — g)(y) is monotone on (1, 00).

Yy+ =

a) If in addition & > 1, ie. 1 < a <&, (f — g)(y) is monotone increasing on
(1,00), because the coefficient of the y? term of the numerator of (2.27), i.e.
a(§ — 1) is positive. We note f(1) = g(1) = 0; thus on (1,00), there is no
solution to f(y) = ¢g(y). It can be concluded that U(-) is monotone on (0, co).

Furthermore
ou
@,
or |,
For a small € > 0, the sign of 6%—;‘1’) on (0, ¢) is thus the same as azUm(f) :
=0
0%U (x)
_ —£-2
WIZO—Q(G‘FU (=a)>0

Thus % > 0 for x € (0,00); U,y is monotone decreasing.
b) If instead £ < 1, i.e. £ < a < 1, by a similar argument as in the previous case,

U.n is monotone increasing on (0, 00).

2. If a <min{1,£{} and £ > 1, ie. a <1<, it is clear

@ —¢= @@= &)
a€=1)

It remains to compare y4 with 1 to determine whether a(fgiz)(y) = 0 has a solution
n (1,00). Assume y4 > 1. Then

@ =+ @ -D@—8) > al¢-1)
2(¢ — 1)(a+1)(a—€) > 0 (2.28)

<0

y_:

This contradicts the assumption a < £ and £ > 1. Hence y; < 1. So we conclude
(f — ¢)(y) is monotone increasing on (1, 00). Following the same analysis as in the
case (1.a), one can see Uy, is monotone decreasing.

3. If a < min{l,£} and £ < 1, ie. a < & < 1,1t is clear y_ > 0 and y; < y_.
Moreover, y_ > 1 is equivalent to

V(@2 -1)(a2 - &) >d® —¢at+a—&=(a+1)(a—§)
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The last inequality is obviously true in this case. So y_ > 1. a(fgiz)(y) has a
maximum at y_ € (1,00). We know (f — ¢)(y—) is a maximum because (2.27)

shows that, for y > y_, ngiz)(y) <0.

If (f—9)(y-) <0, (f —g)(y) = 0 has no solution on (1,00). Hence U(:) is
monotone on both (0,00). The same analysis as in the case (1.a) shows U,y is
monotone decreasing on (0, 00).

If (f —g)(y—) >0, (f — g)(y) = 0 must have a solution on (y_,00). So U(-) is not
monotone.

4. a > max{1,£} and £ > 1, i.e. 1 < £ < a. By the same argument that leads
to (2.28), we see y; > 1. From (2.27) it is clear (f — ¢)(y4) is a minimum. If
(f—9)(y+) > 0, there is no solution to (f —g)(y) = 0 on (1, 00); U(z) is monotone.
By the same analysis as in the case (1.a), we know U(z) is monotone decreasing
and U, is monotone increasing.

if (f —g)(y+) < 0, there must be a solution to (f — ¢)(y) = 0 on (y4,00). Uy is
not monotone.

O






Chapter 3

Rare event simulation for GARCH(p,q)

processes

JEFFREY COLLAMORE, ANAND VIDYASHANKAR & XIAOLEI XIE
technical report

Abstract

We propose an efficient importance sampling estimator for the rare event prob-
ability P(|V| > w) where V is a vector following the stationary distribution of a
GARCH(p, q) process. Recall V; = A;V;_1+ B is the matrix recurrence equation of a
GARCH(p, q) process. We emanate the process {V;} from aset C ={V : |V| < M}
for some predefined positive constant M, and then we introduce a dual change
of measure for the originally iid matrices {A:}: for ¢t < T, = min{i > 0 :
|Vi] > u}, we exponentially tilt the distribution of A;|X;_1, where Xo = Vj and
X = H:Zl Xo/| szl Xol, so that |A;X;_1|¢ is more likely to take on large values
and hence |V4| is more likely to exceed u. Once the exeedance has happened, we
change the distribution of {A;} back to the original and continue the process until
V; returns to the set C. Along each simulated path emenating from C and ending

in C we compute N, = Zfil 14v;|>u}, where K =min{i > 0: [V;| < M}.

The pursuit estimate of P(|V| > u) is then a weighted average of N, computed

along each path. The weight depends on the path.

3.1 Introduction

Since the seminal papers by Bollerslev [24] and Taylor [111] (cf. also Andersen et al
[4]), the GARCH (Generalized Autoregressive Conditional Heteroscedasticity) model has
been widely used in finance and economics, and has inspired numerous variants such as
GJR-GARCH of Glosten et al [63], Asymmetric GARCH of Engle and Ng [60] and the
Quadratic GARCH of Sentana [100], among others. The basic GARCH model of Boller-
slev [24] and Taylor [111] defines the conditional variance via the stochastic recurrence

equation

Rt = O'tZt

P q
2 _ 2 2
oy = w+ E iR + E Bioi_j

i=1 j=1

(3.1)

where {R;}:cz is the return series in question; {Z;}:cz is an iid sequence of random
variables with zero mean and unit variance; the distribution function of Z; is assumed
to have a density. w,q;,i € {1,...,p} and 3,7 € {1,...,q} are constant parameters. A

process defined by (3.1) is called a GARCH(p, q) process. When p =¢q =1,
op =w+ (2], + p)oi

45
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When p > 1 or ¢ > 1, the GARCH(p, q) process is given by a matrix recurrence equation
(cf. Davis and Mikosch [41]). Define d = p + ¢ — 1 and we can write the recurrence
equation as

Vi=AVio1 + By (3.2)

where V; and B; are d-dimensional vectors; A; are d x d matrices. The sequences A;
and B; are both iid. Of course, B; are really constant vectors, but we postpone this
specialization for now and generalize the equation (3.2) to the broader context of matrix
recursions. There is already a rich literature on this subject. Kesten [84] showed that,
when A; and B; were almost surely non-negative, had no row or column of only zeros,
and there was a positive probability that B; was strictly positive, the strictly stationary

solution to the equation V' LAV + B had power-law tails for its marginal distributions,
assuming the following conditions (M) and (A):

e Condition (M)

1. The tOp Lyapunov eXponent
= inf 1E1()g ||A'n A H
v 717,>1 n !

is negative.
2. There exists £ > 0 such that

1= A€ = Jim logE|l A, Ay
3. E(|| A1) log™ | A4]]) < o0
4. B|B;|¢ <
e Condition (A) : The group generated by
{log p(s) : s = A, -+ Ay for some n > 1}
is dense in R, where p(s) denotes the spectral radius of matrix s.
Upon these conditions, Kesten’s theorem gives
WPV € ) D pe() (3.3)

where /¢ is a non-null Radon measure on R? \ {0} with the property u¢(ad) = a=*pe(A).
Recently, Collamore and Mentemeier [37] extended Kesten’s result and gave an ex-
plicit expression for pe:

ulLrI;OUEE [f(w™'V)] = ng) Ad_1XR67€Sf(esz)€5(dz)ds (3.4)

where C is a constant (cf. eq.(2.15) of Collamore and Mentemeier [37]), f(-) is any
bounded continuous function on Ri \ {0} and /¢ is a probability measure on S‘f . Its
definition is also found in (3.16).

From (3.4) a representation for p(-) immediately follows

o) = gy el
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Here L¢ is a non-null Radon measure on R% \ {0} that satisfies, for all bounded continuous
function f(-) on R% \ {0}:

[ @t = [ e peatdnds
R\ {0} S¢TIXR

A key ingredient of Collamore and Mentemeier’s approach is Hennion’s uniform conver-
gence result on the product of iid random matrices [70]:

. 1
lim sup {1{n>T} [log(y, Ay - - Arx) — 7|t x,y > 0,]z| = 1,|y| = 1} =0
n—00 n
where
T =min{n > 1,4, - - A; > 0}. (3.5)

Conditions (I, II, III) of hypothesis 1 and (ii) of remark 3.1 imply T as defined in (3.5) is
almost surely finite. Cf. Buraczewski et al [29], example 4.4.13, Kesten [84], eq.(2.56) and
Hennion [70], lemma 3.1., T' is almost surely finite. Here 2 > 0 means every component
of = is non-negative.

In addition to non-negative matrices, two other classes of random matrices have been
shown to lead to power-law tails via the recurrence relation (3.2). Alsmeyer and Mente-
meier [3] considered invertible matrices whose distribution has a density. Let M(d,R)
denote the space of d x d matrices with real entries that are invertible with probability
1. They replaced Kesten’s condition E(||Al|¢log™ ||A]|) < oo with a stronger counter-
part E[||A|¢(log™ ||A]| +log ||A~1|])] < oo, and lifted the condition (A). In addition, they
assumed

1. The Markov chain X,, on S¢~!, namely X,, = A4, X,,_1/|A,X,,_1], is irreducible, i.e.
for any open set U C S?! and any u € S¥~!, 3n > 1 such that P(X,,u € U) > 0.

2. There exist N > 1, ¢,e > 0 and an invertible matrix A € M (d,R) such that for any
set C' C M(d,R), it holds true P(An --- A1 € C) > ¢|B.(A)NC|, where | - | denotes
the Lebesgue measure.

These assumptions are termed conditions (id). Furthermore, they assumed that there
was no point in R? such that the recurrence equation (3.2) was stuck at this point with
probability 1: P(AX + B = X) < 1 for all X € R? and all A € M(d,R). With these
assumptions, they showed
uli)n;o uP((z, V) > u) = eg(x)

where z € S?~! and e¢(+) is a continuous function S9! — R

The second of the (id) conditions, which is satisfied when the distribution of A has a
Lebesgue density, can actually be lifted if stronger moment conditions are imposed on A
and B, and in addition, a proximity condition is satisfied by the support of A. This is
the result of Guivarc’h and Le Page, et al [65]. Let G4 denote the semi-group generated
by {II,, : II,, = A,,--- A1, A; € M(d,R)}. The authors assumed

1. There is no finite union W of proper subspaces of R? that satisfies Ya € G4, aW =
W.

2. G4 contains a proximal element, i.e. an element a whose largest singular value is
an algebraically simple eigenvalue of a.
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These two assumptions are termed (ip) conditions. Replacing the (id) conditions of
Alsmeyer and Mentemeier with (ip) and the moment conditions of the former with

E[|A[|*70 < 00, E(JJA|5|A7Y°) < 00, E(|B|**® < o0), for some § >0

Guivarc’h and Le Page et al.proved the same vague convergence result of (3.3).

In the special case of GARCH(p, ¢), Bollerslev [24] showed that the equation X 4
AX + B has a unique, strictly stationary solution with finite variance if and only if

P q
Yty <1 (3.6)
i=1 j=1

In the rest of this paper, we always assume condition (3.6) is satisfied. For convenience
of narration, let m denote this unique stationary probability measure and let V' ~ 7,
Z ~ uz. More generally we write uy for the probability measure of U, no matter what
type of object U may be.

Buraczewski et al.[29] (proposition 4.3.1) derived the support of 7 assuming the con-
dition of Bollerslev 3.6. We omit the formula here and refer to it as x hereafter.

In addition to (3.6), we assume:

Hypothesis 1. All the following conditions hold:
(I) 3s >0 such that 1 < E(a1 Z% + p1)® < 00
(1) If p,q > 2, there exists an non-empty open set S C supp fiz.
(III) o, > 0 and B4 > 0.
Clearly, these conditions are satisfied when Z has normal or ¢ distributions.
Remark 3.1. From hypothesis 1, a few implications immediately follow

(i) (3.1) implies

-1

q

2 2

o} 2w I—E Bj = Opin > 0
j=1

Then it follows x C [02,;,,00)? X [0,00)P7Y, s0 V,, € x for all n > 0. Since the
random variable Z2_, is assumed to have a continuously differentiable distribution
function, P(Z2_| = x) = 0 for all x € supp piz=. Furthermore, Z>_, uniquely

determines the matriz Ay, so it follows P(Av + B =v) =0 for all v € x.

(ii) (3.6) implies the top Lyapunov exponent of A,
.1
v = Inf “E(log A -~ As]) (3.7)

is negative. Cf. Buraczewski et al [29], prop. 4.1.12.

(ii) That O ¢ x and A, has a Lebesque density implies the stationary distribution m is
absolutely continuous with respect to Lebesque measure. This immediately follows

from lemma 4.2.2 of Buraczewski et al.[29].
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(iv) Condition (III) ensures that, with probability 1, every row and column of the matriz
A, has at least one postive component.

The implications (i), (ii), (iii) are in fact the conditions of proposition 4.2.1 of Bu-
raczewski et al [29], from which we conclude V;, is an aperiodic, positive Harris chain
that is in addition 7-irreducible on . Moreover, from (I) it follows 0 < 3¢ < s such that

A€) = lim (B4, - A" =1 (3.8)

and
E[A|® < o0 (3.9)

The existence of ¢ together with Conditions (ii, iv) and (I, IT) allow the application of
Kesten’s theorem (cf. Buraczewski et al [29], example 4.4.13).

Although the probability P({(Z,y) > u) has been given asymptotically by Kesten’s
theorem, one often wishes to know this probability more precisely, due to the importance
of risk management. Now that more detailed analytic description of the probability is
unknown, one has to resort to numerical methods. But the occurrence of (Z,V) > u
for a large u is a rare event; a naive Monte-Carlo approach will be very inefficient. Cf.
Asmussen and Glynn [6]. One way to increase the efficiency of Monte-Carlo methods is
importance sampling.

The idea of importance sampling with exponential shift dates back to Siegmund [103],
who devised an algorithm for estimating the excursion probability of 1D random walk
with iid increments. Following his work, various importance sampling algorithms have
been proposed for rare event simulation in a variety of problems.

Let W,, = > | X,, be a random walk. Blanchet and Glynn [22] proposed a state-
dependent importance sampling algorithm to estimate the tail of max{W,,n > 1} and
showed that their estimator had bounded relative error (cf. Asmussen and Glynn [6]).
In the case of light tailed increments, their estimator recovers that of Siegmund.

In 2010, Blanchet and Liu [23] presented an importance sampling algorithm for the
first passage time of a multidimensional random walk with heavy-tailed increments.

However, to our best knowledge, no importance sampling estimator has been proposed
in the literature for the computation of P({Z,V) > u) or for the more general problem
when the defining recurrence equation of V;, i.e. (3.2) is more general than that of
GARCH(p, q). We present a solution in this paper.

When p = ¢ = 1, V,, reduces to a scalar. An importance sampling estimator was
proposed and shown to be efficient in the sense of bounded relative error by Collamore
et al.[36]. We consider our work as a multivariate extension to theirs.

3.2 Statement of results

Our solution involves associating a Markov Additive process (X, Sy) to the Markov
chain V,,:

X, = AtAH"'Al‘fo, Xo = Vo (3.10)
|AgAy_1 - A1V
S, = log|A;--- AV (3.11)

lt = St — St—l = IOg |AtXt_1‘ (312)
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where © = v/|v| for a vector v. From the GARCH(p, ¢) recurrence relation

2

2 t—1
o2, a1Zy +B1 B2 0 Bg—1 Bg a2 a3 - ap_1 ap o7, w
1 0 0 0o 0 0 0 0 0
2 : : : : : : : 2 :
T4-a+2 0 0 0 o 0o o 0 0 Tiza+1 0
Ti_gtr | _ 0 0 1 o 0 0 0 0 %iq 4]0
R, z2 0 0 o o0 o0 0 0 R?_, 0
R?_, 0 0 0 o 1 o0 0 0 R? 0
R2 0 0 0 0 0 o0 0 0 R2 0
R’é—f’“ 0 0 0 0 0 0 1 0 topt1 0

t—p+1 t P

it is obvious that, by define mapping

1
g:(z,y,1) €SI xS R =R, S (€1, y)
<el7x>
one has the relation Z2_| = g(X,,_1, Xp,1). Let
]:n = B(Xo,Xl, . ,Xn,ll,lg, . ,ln)

where B(-) denotes the o-field generated by -. It is clear B(V,,) C F,,. Let P denote the
transition kernel of (X, S,). We have

P(x,dy x dl) = P(X,, € dy,l,, € dl|X,,_1 = x) =P(Z>_, € g(x,dy,dl))

Note g(S?=1,§9=1 R) = Img Z2, where Img Z2 denotes the image of Z2. Choose a set
S C S%1 such that
inf >0
u%m(é%diaR)fZQQU)

We have

P(z,dy x dl) > 1s5(x) ng(ig'lfd.y " fz2(w)|g(S, dy,dl)]

where fz2(-) is the density function of Z? with respect to the Lebesgue measure and | - |
denotes the Lebesgue measure. It is easy to see

S, dy, dl)| <
/Sd et F(w)lg(S.dy,dD)] < oo

Clearly

/ i fra(w)|g(S, dy,di)| < [ tmtwde

sd—1 xR wEY(S,dy,dl) SA=1xR J g(S,dy,dl)

/ fzz(w)dw < / fzz(w)dw =1

g9(8,84-1,R) Img Z2
Let
0= inf S,dy,dl)| <1
Lo ot faaw)lo(S. dy.dn)

and

v(dy x dl) = fz2(w)|g(S, dy, dl)|

1
g weg(S dy dl)
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Now that v(S%! x R) = 1, v(-) is a probability measure. We have the minorization
condition
P(z,dy x dl) > §1s(x)v(dy x dI) (3.14)

By Ney and Nummelin [93], lemma 3.1, (3.14) implies the MA-process (X,,, Sp) has a
regenerative structure:

(1) There exist random variables 0 < 79 < 71 < ..., 4 =0,1,2,... such that 7,41 — 7,
are iid.

(2) The blocks
(XT1'7XT7;+17 e 7X7'i+1—17l7'i7l7'7;+17 ttty lTi+1—1) Z = 07 17 27 tee
are independent of each other.

(3)
P[(X,,, 1) € S xT|Fr,—1] =v(S xT)

Furthermore, (3.14) means P(z,dy X dl) can be decomposed as
P(x,dy x dl) = P'(dz,dy x dl) + §1s(z)v(dy x di)

Thus the MA-process regenerates only when it is in S and in this case it regenerates with
probability . That is

P[(X,,, Sn) regenerates | X,,_1 = z] = d1s(z)

There is yet another useful property of the iid matrices A,,. Define mapping

Az (A z) €Img(A) x S - gi-1 5 éil
and operator 22 for § € R, f: ST — R,
Pf(x)=E [|Ax|0f(A- x)] (3.15)

By Lemma 2.2 of Collamore and Mentemeier [37], (3.9) means A\(¢) = 1 is the spectral
radius of 2¢ and there is a unique, strictly positive eigenfunction r¢(-) associated with
(&) ie. Pore(x) = ANE)re(z). Moreover, 7¢ is max{¢, 1}-Holder continuous, implying
r¢ is bounded from above and below by positive constants. From now on, we use the
notations

re = sup re(x), re= inf re(x

= sup, e(2), re= Inf re(x)

There is also an eigenmeasure ¢ on B(S?!) associated with the operator 9?¢ that

corresponds to the eigenvalue A(§) = 1 and eigenfunction re:

E [|Az|*¢(A- dz)] = Le 2 (dz) = A(€)le(da) (3.16)

The eigenfunction r¢ and eigenmeasure ¢¢ are called right eigenfunction and left eigen-
measure, respectively. They satisfy the identity lere = [su 1 7¢(2)le(dz) = 1. Cf. Col-
lamore and Mentemeier [37], Lemma 2.2.
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Naively one would estimate P(|V| > u) as n=! > | 1{vi|>u}> applying the law of
large numbers. The difficulty with this naive method is that, when w is large, |V;| > u
happens very rarely, resulting in a large variance of the estimator. To tackle this problem,
we use importance sampling and exponentially shift the transition kernel of the MA
process (X;, S;), i.e. the conditional probability P(x,dy x dl), until |[V;| > u. Let

0l
! ro(y)
PPz, dy x dl) = ——
Since the matrix A; depends only on Z? ,, shifting the transition kernel of (X;,S;) is
equivalent to shifting the conditional distribution of Z2 ;. It follows from the above
equation

P(x,dy x dl)

P(ZE ) € dw| Xy =)  |A(w)z|’ ro(A(w)- z)
P(Z? , cdw|X;1=2)  A0) ro(x)
where P?(-|-) denotes the shifted conditional probability measure.
Now we are ready to introduce our importance sampling estimator. Define M and
{K;}i=0,1,... as in lemma 3.5. We start the process V; from within C = {v € x : |[v| < M}
and let Vi ~ 7, where the probability measure 7 is defined as

n(S) = n(S)/=(C) VS e B(C)

(3.17)

Let
R, := sup{i>0:K, <n}
T, = inf{n>1:|V,|>u}
Ki—1
N, := Z Livisuy
i=0
£, = W(C)Nul{Tu<Kl}efSTum

&, is our estimator. We have

Theorem 3.2. The estimator &, is unbiased, i.e.
P(|V|>u) =EFE, (3.18)

The superscript D, short for “dual”, is to remind us that the expectation is taken
with respect to the shifted kernel P¢ before the threshold is exceeded, and with respect
to the original kernel P thereafter. The subscript n means that V is drawn from the
distribution 7.

While unbiased, the estimator &, is also efficient, i.e. its relative error is bounded.
Cf. Asmussen and Glynn [6]. This constitutes the next theorem:

Theorem 3.3. Let M and K;,i=0,1,2,... be defined as in Lemma 3.5 and 0 < b < 1
be the constant shown to exist by lemma 3.5. Assume b'=¢/% < €7, where s is the positive
constant satisfying condition (I) of hypothesis 1 and ~ is the top Lyapunov erponent
defined by (3.7). Then the estimator &, has bounded relative error, i.e.

lim sup 71)%(5“) < 00
u—oo [P(IV]>u)]?
In §3.3 we show that, with certain shifted kernels, the MA-process drifts towards a
set of bounded |V;|. This is a crucial fact for the consistency and efficiency of &,. Then
in §3.4 we prove theorem 3.2 and in §3.5 we prove theorem 3.3.
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3.3 V, drifts towards a small set

3.3.1 A drift condition

Lemma 3.4. Let 0 < 0 < . Then there exist 0 < bg < 1, My > 0 such that

E [|Vn|9r9(‘7n)1{|vn,1\>M9}’]:nfl] < b0|Vn71\07“9(Vn71) (319)
Proof. A(-) is a convex continuous function (cf. Buraczewski et al [29], §4.4.3), so A(0) =
1 = X\(¢) implies A(f) < 1. By Buraczewski et al.[28] Proposition 3.1, an eigenfunction

r¢(-) and an eigenmeasure fg(-) exist for the operator 2Y. In particular, the right
eigenfunction can be represented as

rofe) = <o) [ (@)t (a)
Thus we have
E [|Vn‘67'9(Vn)1{\v,b,1|>M9}|-7:n—1] (3.20)
= LB |0) [ T
Lva1>mp) E [0(9)/S

case 1. If 0 <1, by subadditivity we have

(V1) + <B,y>>9€z<dy>|fn_1]

d—1

B [ol0) [ (AuVosn) + (B )7

IN

BJo0) [ (Vo) | 1B [0) [ (80065 F

gd—1

= E \Vn—1|9\14n~n—1|90(9)/ <An~‘7n-1,y>953(dy)fn—1] +|B|"re(B)

= VaerlE [JAVo1 70 (An- Vo) | Fuca] + [BI"ro(B)
= VaralPAO)ro(Va1) + | B|ro(B)

|B|ro(B) ]
(O)Va1]7ro (V1)

= |Vac1l’re(Vae1)A(9) {1 + X

Then we have

E [|[Val?re(Vi) v s i Mot | Frei]

- B|%ry(B) }
< Vo1 |Pre(V)NO) |1+ | _ 1
< | 17ra( DA( )[ MO Vi1 |6 (V1) {IVa—1|>Mo}
- B|%ry(B)
< 0 LAAAAAAA,
< Vaalre(Va—1)A(6) {1+ O Moz
Since () < 1, there exists )
|B|"ro(B)
My = ——=— 21
"L AO, (321
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for an € > 0 such that

| B|”ro(B)
= 14+ ———7—— 1 .22
be )\(9)[ + )\(Q)Meﬂg < (3 )
Thus (3.19) holds.
case 2. If 6 > 1, applying Minkowski’s inequality to the RHS of (3.20) gives
B[c0) [ (Vi) + (B Ga0) ||
< {[]E <c(0)/ (A V1,905 (dy) | F— 1>}
Sd—l
ele (o [ morsanr)] "
- 6
< { IVt MOPro(V )7 + [Blrg ()}
0
> Blrg(B)
< |V |re (Ve [)\ 0)1/% 4 |—~
[Vi—1|"ro(Va—1) | A(6) Vi slro (Vo)
Thus, as in the previous case, we have
E [|[Val®ro(Vi)1gv, i 15003 [ Fnt]
|Blre(B)/* 1’
< Vo1 Pre (Vi /\91/0+‘9~] 1
< Wanal'ro(Vicn) 200+ TP o
> Blrg(B)/°7"
< e - /6 | B|rg
= |Vn 1| TG(Vn 1) |:/\(9) MGTO
Choose
|Blre(B)'/
My (ESYORG + e for some € > 0 (3.23)
1/6
_ /6 4 |Blre(B) 1
by |:)\<9) Me?"g <
Then we have
E [[Val®ro (Vi) 1w, 5 Moy [Fnm1] < b6l Vaor|'ro(Vior)
We have proved the lemma. O

The conclusion of lemma 3.4 allows us to bound the return time of V,, to the set
C ={v € x, |v| < M}, where max is a postive constant. This is the next lemma.
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3.3.2 A bound on the return time to C
Lemma 3.5. Let © be a proper subset of (0,§), i.e. inf ® > 0 and sup© < . Define

M = supMy (3.24)
e
Ko = 0, K;=inf{n>K, 1:|[Vu|]<M}, i>1 (3.25)

Then there exist 0 < b < 1 and p > 0 such that forn > 1,
P(Kj+1 — Kj > n) < bnp (326)
Proof. Tterating (3.19) yields, for j > 0,n > 1 and 6 € O,

n—1

E | [V, +nl®r6(Vic,4n) || L{|Vic; 441> Mo}
=1

]:Kj+1] < bg_1|VKj+1|07"9(VKj+1)

Because {K;11 — K; >n—1} C ﬂfi’;?_:ﬂVA > My},

IN

E[|Vi,4nl®Tol (s, — 1,501} | Frc,41] by~ Vic, 41| 7a,
E I:‘VKj+n|9£01{Kj+17Kj>n*1}j| = bg_1E|VKj+1|0F9 (327)
If 6 < 1, by subadditivity we have
E[Vie,11|” <E (|Ak, 11V, |’ + 1B|’) = E (JAx 11 Vic|’[Vi|) < ME||Age 41]|°

A\

Since 0 < § < ¢ and E||Ax41]|° = 1, E||Ax11]|¢ < oo, it follows by continuity E|| Az |? <
00. So
E|Vi,+1|° < ME|A|° +|B|’

If # > 1, by Minkowski inequality we have

EVicnl)? < (BlAxkm Vi) + Bl < M(E[Ax V') ? + | B|
< M(E|A|")Y +|B],
0
ElVicl’ < [MEIAI?)Y +B]] < oo

Then it follows from (3.27) for n > 1,
VOryP(Kjp1 — K;>n—1)<E [|VK_7'+7L|0L9l{Kj+1—Kj>n—1}} < bg_lE‘VKJ+1|9770

That is

P(Kj+1 — Kj > Tl) < bgpa (328)
where
oy = o MPE|A||° + |B|? , 0<1
oV’ [M(E[|A|®)Y? +|B[]" 6>1

Since the inequality (3.28) holds for all 8 € ©, we have for n > 1,
P(Kj41 — Kj > n) < inf by < (ggg ba) SUp o

Thus (326) hOldS Wilh
b == .Ilf bg, /) == Sl][)/)@ 3.29
elec 6o ( )
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3.4 The estimator is unbiased

In this section we prove theorem 3.2.

Proof. By the strong law of large numbers for Markov chains,

S

I as.
= guisu S P(V] > )
=0

Define R,, = sup{i > 0: K; < n}. Then one can write

1 1|
=X Agwise = 2| D Lwiswt Y lgvisuw (3-30)
i=1 i=0 i=Kr,,

For the 2nd term on the right side, we show in the following

3=

Z 1{|%|>u} 320 (3.31)
i=Kn,

This is, by definition, for all € > 0
o0 o0 1 n
PIU Mgy, 2 tvisa=ep] = 1
N=1n=N 7,:KR"

By Borel-Cantelli lemma, it suffices to show

n

|1
ZP - Z Lovisu) > € <00
n=1

1=K,
Clearly
0o 1 n foe) 1KRn+1—1
PP Lwpw e < P > wsu >
n=1 i=KR,, n=1 i=KRr,,
(oo}
< Y P(Knyo— K, > Len])

n=1
It suffices to show -
> P(Kp,41—Kg, > [en]) < oo
n=[1/¢€]
By Lemma 3.5, P(K;41 — K; > k) < b"p for k > 1. Thus

Z P(Kg,+1 — Kg, > |en]) < Z blenlp < o0
n=[1/¢] n=[1/¢€]
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This shows (3.31) holds. For the 1st term on the right side of (3.30), we have

1 Kt R, 1 & Kl
n
S 1{|w\>u}=7R*Z Z Lvi>uy
1=0 i=17=K;_1

It can be shown (VK“Z]K;E_l 1{v;|>wu}) s @ positive Harris chain. Moreover

K;—1 0
El D> Yy | SEWE —Kig) <) nbjpo < o
J=Ki-1 n—1

Therefore, by the law of large numbers for Markov chains,

R, 1 & &
7”372 Z Lavi>wy = m(C)E, Ny
i=1j=Ki1

Hence % S 1qvi>u} g 7(C)E;N,. On the other hand, by the very definition of N,
IE’I’]]\[u = En (Nu]-{Tu<Kl})- We have

En (Nu]'{Tu<K1})
T, Ki—1

Ti— 1
Nul(p, <+ || @) b x dl, [[ Pt dei xdis
/(Sdl><R)K1 ) {Tu<7} Tf xz §( i—1 i 1) ( i—1 i 1)

i=Ty+1
£St, re(Xo)
re(X,)

Thus we have proved the theorem. O

= EnD [Nul{Tu<K1}e_

3.5 The estimator has bounded relative error

In this section we prove that the estimator &, is efficient, i.e. theorem 3.3.

Proof. The assertion is implied by, for all Xy € C,
26
limsup ———"———5 < o0
wmse (V> w)P?
For notational simplicity, we omit the subscript X, and write EP for ]E)’%(J in the rest of
the proof. By Kesten’s theorem [84], P(|V| > u) ~ Cu~¢. Hence, to prove the assertion,
one needs to check
limsup u**EPE? < oo
uU—r 00

That is,

lim sup EP u2€N31{Tu<K1}e

U— 00

e Tim )

We note V; = 3! _ oA - App1B and |V, | > u. Moreover r¢ is bounded from above
and below by positive constants. So it suffices to show

T, 2¢

3 Na/*Ag, o Anp B
|Ap, - - A1 Xo| st

lim sup EP
U—r 00

< o0 (3.32)

n=0
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In the rest of the proof, we write ¢, c1, co, ... for constants whose values have no impor-
tance and depend on the context. Moreover, we use the notation

o . — AAi - Ay P>
Sl i<j

If 2¢ > 1, by Minkowski’s inequality it suffices to show

lim sup Z (ED

U—»00 n=0

Nl/ﬁnTu,nJrlB
“ [Hr, 1 Xo|

lin<r, <k}

2¢
) < o0
The sum on the left side is bounded by

> I 21X, 26 N21 n
CZED <| Tou,n+1 ‘ ut{ §T“,<K1}>

7, nt1 X5 261, 1 Xo|%¢

07, n41Xal® o
E — N-1
CZ ( |Hn 1X0|5 ur{n<T,<Ki}

If 2¢ < 1, due to subadditivity, the sum on the left side of (3.32) is bounded by
(oo}
IIp 1B|
Z ED ( | u,N+ N2 1 >
D) ut{n<T,<Ki}
o M7, 1 Xo|%

S D |HT,L,n+1X ‘ 9
‘ Z . (WNHI{HSTH<K1}>

IN

7, nt1Xn | 9 )
< c§ jE N21,, 1
> ( |Hn 1X0|£ wr{n<T,<Ki}

This is the same sum as in the previous case except for the multiplicative constant. So
in either case we need to show

Uz, nr1Xnl* o
tmsup 3B (M2 N21, < 3.33
w3 (S e e ) <o (539

We write the sum of (3.33) as

o0 o0
|1_[7n,n—&-1)(n|£ 2
> D E {WNul{m«l}l{Tu—m}

Since |Iy4m nt1l] = 0 a.s. as m — oo (cf. Buraczewski et al.[29], theorem 4.1.3), it is
useful to consider the family of sets Si(¢€) for each € > 0:

S1(e) = {3N;7 > 1, such that Vm > Ny, [Tl 4m nt1| < €} (3.34)
Note
P(Si(e)) =1
Thus we have
© oo |Hm,n+1Xn|§ 9 /
2 2 F [|Hano|fNul{m<K1}1{Tu—m}1{s1<e>} = 9 (3.35)

n=0m=n
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Let’s temporarily specialize the general norm to 1-norm. In this case

d d
I, 1 Xo|1 = Zznnl(l 7)Xo(4)

where II,, 1 (4, j) refers to the (7, j)-th component of matrix II,, ; and Xy(j) to the j-th
component of Xy. By theorem 2 of Hennion [70], for every € > 0:

II,, 1 X
710 {' m,1 0|1]—7’<e):1

P <3N2 > T such that sup dXo]
ol1

n>Na

which implies
P (HNQ > T such that Vn > Ny, |11, 1 Xo|1 > d|X0|1e(vfe)n) -1

By equivalence of vector norms on R?, 1L, 1 Xo| > 1|11 Xo)1 and | Xol1 > 2| Xo| = ¢2
for some constants ¢, ¢y > 0. Thus we may define sets Sy (e):

Sa(e) = {3N2 > T such that ¥n > Na, |1 Xo| > ¢ d- eW*e)”}

where ¢ > 0 is a constant. With S3(e) defined as such, we have P(S2(€)) = 1. Now that
we have P(S;(€)) =1 and P(S2(€)) = 1, we may restrict the expectation in (3.35) to the
set S1(€) N Sa(e), i.e

9 = ii[@ MNQ]_ 1 1
M1 Xo|E v tm<KHTu=mp HS (NS ()

n=0m=n

No—1n+Ni—1 Nao—1 0o n4+Ni—1
S O30 S S SIES ol D ol ol
m=n n=0 m=n-+N; n=Ny; m=n n=Ns m=n+N;
|Hm,n+1Xn|
E[ T 1 Xo¢
= DN+Do+ D3+ Dy

N31{m<K1}1{Tu—m}1{sl<e>n52<e>}}

To show 2 < 0, it suffices to show Z; < oo for each ¢ =1,2,3,4. 27 sums only finitely
many terms, so it suffices to show for each fixed n and m,

E |:H'm,n+1)(n|g

1L, 1 Xo ¢ Ngl{m<K1}1{Tu—m}1{51(6)052(6)}] < o0 (3.36)

Firstly, we observe |II,, 1 Xo| is bounded from below by a positive constant for any n < co
1 Xol2 > d /2 min Xo(1)[[Ln,1[l2 > 0
The first inequality is due to Kesten [84]. Thus (3.36) is implied by

E “|Hm,n+1”€N51{m<Kl}] <00
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By Hoélder’s inequality, the left side of the above inequality is bounded by
(B[ M1 7)1/ E(NG L <1 )]
< (B[ AP PE(K T s )] M

where p,g > 1 and 1/p+ 1/q = 1. Because E||A||® < oo for some s > £ as assumed in
condition (I), p can be chosen sufficiently close to 1 such that E|A||P¢ < co. Meanwhile

E(KIqu{m<K1}) < Z 2q]P)(]:{l >4 — 1 Z qupobl 1
i=m+1 i=m+1

where we have used lemma 3.5 to reach the last line.
As for Z, we note ||l ni1l|1¢s, o)y < € for m > n+ Ny, and for n < Na, [II,, 1 Xo| >
0. So for 2, < o0, it suffices to show

No—1 oo

> Y E(WN1g,smy) <0

n=0 m=n+N;
The left side is bounded by

No—1 [e%S)

o> Y PP >i—1)
n=0 m=n-+N; i=m+1

Ny—1 o)

Z Z (cam? + cym + )byt < 00

n=0 m=n+N;

where cg, 1, co are constants.
For 25, we have for n > No, |11, 1 Xo|1{g, (e} > ¢- de©=9" Thus

%< Yy

n=Ny m=n

oo n+N;p—1
[ i [EN2L s,y

n+Nj;—1 [ele]

< Cd Z (e=)m Z Z ||Hmn+1|| 1{K1 l}]
n=DNs m=n i=m-+1
n+N;—1 [ele]
< Z om NN PRI [PV P[P > 0 — 1))
Cdn No m=n i=m+1
L N~ en s NN pem/n N 21 apli-/a
< = > eI E|A|P > [EIAIP) > Py,
n=~Ny m=n i=m+1

The last sum over 7 evaluates to (02m2+c1m+c0)b6"/ 1. So, by Cauchy-Schwarz inequality
we have

D5 < esplt Y S TINEAIP]TP x
’IL:NQ

n+Ny—1 Y2 N —1 1/2
( > [EIA”g]z’"/”bﬁm/q> < > (62m2+clm+cO)2>

m=n m=n
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where c3 is a positive constant. Since positive multiplicative constants do not affect
the finiteness, we shall no longer keep track of their values but recycle the symbols
¢, cg,C1,Ca, ... to denote different constants in different contexts. In this notation, the
second sum over m is bounded by c4(n 4+ Ny — 1). We have

) n+Np—1 1/2
D3 < ¢ Z e(s—’Y)n[E||A||P§]—n/P(n+Nl —1) ( Z [E||A|P£]2m/pb(2)m/q>

n=N» m=n

To show 25 < oo, it is sufficient to show

o0
Z ne(éfv)"bg/q < o0

n=Ns
Condition (I) gives E||A[|* < co. So we may choose p = s/, i.e. ¢ = (1 —&/s)!. We
have assumed b(l)/qe*7 < 1, so there exists € > 0 as small as to make e(“”/)”bé/q < L
Therefore the last inequality holds. We have shown 25 < oc.
To see P4 < oo, we observe

‘1_['rr1,77,Jr1‘Xvn|5
|H7L,1X0|§

n

(s, (onsa(e)) < cel

using the previous convention about multiplicative constants. Thus, to show 2, < oo, it
suffices to show

Z ele=7n Z E(Nzl{m<K1}) < 00
n=Ns m=n+N;

The left side is bounded by

¢ i e(e—’y)n i i ,L-Zbéfl

n=Ns m=n+N71 i=m+1
o0 o0
< ¢ g ele=Mn g (com? + cxm + co)b
n=Nz m=n-+Ny

< ¢ Z 3(6_7)"b8+N1 [ca(n + N1)2 + c1(n+ N1) + co
'n.:NQ

Since by < 1, it is clear by < b(l)/q. As argued in the case of %5, b(l)/qee’”f < 1. So the last
sum is finite. Thus 24 < oo and

D=D+ Do+ D3+ Dy <0

The proof is complete. O

3.6 Estimation of tail index

3.6.1 The algorithm

The idea is to estimate log[A(a)] according to

1
log[A(a)] = lim —log (E|II,, 1 X0|%) (3.37)
n—,oo M
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and then solve log[A(§)] = 0 for . The difficulty with brute-force simulation and esti-
mation is that, when n is large, the variance of |II,, 1 Xo|* is very large too, resulting
in uselessly inaccurate estimations. Vanneste [114] proposed an importance sampling
algorithm using a resampling step: we divide the estimation of log[A(a)] into n steps
and we simulate K realizations of A,,...,A; and Xy, X1,...,X,,. We denote the I-th
realization with an superscript I. The estimator &, for log[A(a)] is as follows:

n K
1 1 _
o == log | = |AIX " :
"2 °g<KH| iXi1 |> (3.38)

where Al X! denote the I-th realization of A; and X; respectively, and the random
variable w; ;1 has conditional distribution

Plwy i1 = jlwii—2,..., Wk,i—2) = bl
i—1
aj_, = |A'Z—1X;ﬂ—j’2i_2|a

K
!
bi—1 = E a;_q
=1

Figure 3.1 shows a possible realization of the resampling procedure and algorithm 1
outlines an implementation of &,. The norm |- | is not restricted to any particular form,
but obviously must be consistent with one’s choice of the norm when computing the right
eigenfunction, which is detailed in §3.8.1.

A; X t—— A X Ae4— X
(aslb,) (allb,) (1/K)
A X a—— A X —p X
2
(az/b2) (ai/b,) (1/K)
A §§<—AZ R (D & %
b,
(@:/b2) (a/b,) (1/K)
4 4
S et
1% (atby) (1/K)

Figure 3.1: A possible realization of the re-sampling procedure. n = 3, K = 4. A number
in a parenthesis indicates the probability of the unit vector above it being chosen to the
next step.

Note for an GARCH(p, ¢) processes, the A; matrices have dimension d x d, where
d=p+qg—1, and the X; are d-dimensional unit vectors.
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Algorithm 1 Algorithm for estimating log[A(e)] = lim, o0 = log (E|IL,1]*)

procedure &,(n, K)

Define K d-dimensional vectors X*,..., X%
Define K d-dimensional vectors Y, ... Y&
Define K-dimensional vector a < (1,1,...,1) > Initialize the weights
for i from 1 to K do > Generate initial unit vectors

for k from 1 to d do
Generate a U(0,1) variable U
Xi(k)«+ U > X(k) is the k-th component of X*
end for
Xt X1/|XY
end for
A0
for j from 1 to n do
Define K-dimensional vector Q@
Qk) < X0 a(i) forall k =1,2,..., K
Generate K d x d random matrices A',..., AKX,
for k from 1 to K do
Generate a U(0, Q(K)) variable U.
I+ min{l<i<K:Q@:)>U}
Yk« AkX!
a(k) < |Y*|
YF* <« Y*/a(k)
a(k) + a(k)“
end for
Forallk=1,...,K, Xk« Y*
A+ A+ %log (%)
end for
A+ A+ Llog [% Zszl a(k)}
return A
end procedure

3.7 Sampling from the shifted conditional distribution

While the Radon-Nikodym derivative of the shifted conditional probability measure with
respect to the original measure is given by (3.17), the procedure of sampling from the
shifted conditional distribution is not trivial. For this purpose, we first draw a sequence

of x?(1) random variables, call them Z? Z2,...,Z%. Then for each 1 < i < K, we
compute
w, = [AZD) - Xia|fre(A(Z7) - Xin)
' re(Xi-1)
Finally we draw a sample Z’? from the sequence Z7,Z3, ..., Z?(, such that
W,
B(2% = 7) = < —
Ej:l W

Then the matrix A; from the shifted distribution conditional on X;_; is A(Z'?).
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3.8 An example: GARCH(2,1) processes

As an example of the algorithms described in the previous sections, we consider GARCH(2,1)
processes. In this particular case we have

2 2 2 2
o = wtoalR_ | +aRi 5+ fioy_

Or in matrix forms

2 2 2
o _ a1z + B s Oi_q w
() = (7% 9 (R)+ () @29

Vii= AVii+B

where R, is the ¢-th observation of the sequence in question and Z; are ii.d N(0,1)
random variables. In the following we check the conditions of theorem 3.3 against this
process.

As mentioned in remark 3.1, Bollerslev’s assumption a; + as + $1 < 1 implies that
the top Lyapunov exponent associated with the model (3.39) is negative. In the following
we check the condition of theorem 3.3 with regard to this model.

Lemma 3.6. Assume Z; are i.i.d N(0,1) random variables. Then b*=¢/% < €7, where b
is defined in lemma 3.5, £ is the tail index of the stationary distribution of the markov
chain Vi as defined by (3.39) and ~ is the top Lyapunov exponent of the matrices A; in
(3.39).

Proof. First of all, we note s of condition (I), hypothesis 1 can be arbitrarily large since
Z; are i.i.d N(0,1) random variables. Therefore b'~¢/¢ < €7 holds if b < €. To show
the latter inequality holds, it suffices to show there exists 6 € (0,¢) such that by < e,
where by is defined in lemma 3.4.

If 6 < 1, by is given by (3.22):

be = A(0) [1 + |B%(B)]

Because My can be chosen arbitrarily large, by < e holds if A(f) < €7, or equivalently

log(A(6)) < «. Applying theorem 2 of Hennion [70] gives, for an arbitrary fixed € > 0,
there exists N > T such that for all n > N, & log ||IL, 1| < v+ €. This implies

9) <O(v+e)

1
—log (EHHn,1|
n

Thus 1
log(\(9)) = lim_—log (E|TL,

9) <O(v+e)

Thus, if 6 is chosen such that 0 < 6 < 715 < 1, we have by < e?. The proof is

complete. O

3.8.1 Evaluation of the right eigenfunction

Recall that, for 0 < 0 < ¢, the right eigenfunction r4(-) corresponding to eigenvalue ()
of the operator £2¢ defined in (3.15) satisfies

E [|Aa:|0r9(A~ac)] = Pro(x) = X\O)ro(x) (3.40)
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In the following we take | - | as the Euclidean norm. Then z can be written as x =
(cosw,sinw) ", w € (0,7/2) and

<a2 sinw + (Z2ay + B1) cos w>
Ax == 2
Z* cosw

Let A-x = (cosp,sinp)". Then

g2 _ fan p(agsinw + [ cosw) (3.41)
t cosw(1l — ay tan @)

dz?  (azsinw+ By cosw)sec® o

de cosw(l — aj tan )2

Using (3.41) we can write

sin? (w + arctan b )

a2

Axl? = (a2 & 32)0/2
|Azl” = (a2 + 51) cos? p(1 — ay tan p)?

It also becomes clear from (3.41)
. T 1
x € < (cosw,sinw)’ :w € Q= |0,arctan — t=20,1,2,...
aq

Define
ho(w) : w € Q — (ry,79) 3 ro((cosw,sinw) ")

Then (3.40) can be rewritten as

sin? (w + arctan ﬁ)
0/2 az

A(B)ho(w) = /Q (02 + B2)

(g sinw + By cosw) sec? ¢

foa [tan (agsinw + f1 cosw)
X

cos? p(1 — ay tan p)? cosw(1l — g tan @)

ho ()

cosw(l — ay tan )2

A(6)hg (10) / Hy(w, o)ho(p)dp (3.42)

where f,2(-) is the probability density function of the x? distribution; the function
Hy(w, @) has been defined for convenience. We may approximate the last integral with
a sum and the function hg(-) with a vector:

n—1
A(a)hQ(lAn) ~ A, Z H@(iA7zajAn)h9(jAn)
3=0
where A, = 2etanl/on) g A(f) can be found as the spectral radius of matrix

ApH(iAy, jA,) agd {ho(iA,)}i=1,2,... n as the associated eigenvector (cf. Collamore
and Mentemeier [37], lemma 2.2).
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3.8.2 The algorithm

In this section we describe the implementation of the proposed estimator &£,. In previous
sections we have shown that &, is efficient for GARCH(2, 1) and described how the right
eigenfunctions can be approximately evaluated. It remains to choose the set C = {v €
X, |Vl < M}. As given in (3.24), M = supyco My while My is in turn given by (3.21) or
(3.23). One viable option is to choose My such that by = %@ < 1. For the range of 0,
which is denoted ©, we take © = [0.1,0.1 4+ 0.99 x (£ — 0.1)], where ¢ is the tail index.

Before coding the algorithm of estimating P(|V| > w), we first need a procedure for
simulating a sample path under the dual transition kernel of the MA-process (X;, St).
For convenience, let A(W) denotes the matrix A; that appears in (3.39) with Z2 ;, = W.
We describe the procedure in algorithm 2.

With a procedure established for simulating a sample path under the dual transition
kernel, we are at a position to describe the procedure for estimating P(|V| > u). We
present it as algorithm 3.

3.8.3 Simulaton and Results

In this section we present estimation results of the algorithm outlined in §3.8.2 when ap-
plied to a few real-world GARCH(2, 1) time series. Table 3.1 lists the estimated parame-
ters of the S& P 500 index and the Dow Jones Industrial Average index. Judging by the
Akaike Information Criterior, the two series are indeed better described by GARCH(2, 1)
models than by the simpler GARCH(1, 1) models. In the following table 3.2 we tabulate

w (651 (%) 61 E AIC
SP500 GARCH(1,1) | 7.4 x10 ¢ | 0.15 0.72 -7.0270
SP500 GARCH(2,1) | 9.2 x107¢ | 0.088 | 0.097 | 0.65 -7.0274
DJIA GARCH(1,1) | 5.6 x107% | 0.16 0.73 | 3.76 | -7.1720
DJIA GARCH(2,1) | 7.3 x107¢ | 0.075 | 0.13 | 0.65 | 4.12 | -7.1752

Table 3.1: GARCH(1,1) and GARCH(2,1) models of returns of Standard & Poor 500
index (SP500) and the Dow Jones Industrial Average index (DJIA). The price data are
downloaded from Yahoo and cover the period 2012-01-01 to 2014-12-31. 753 observations
are included. AIC stands for Akaike Information Criterior. The model parameters are
estimated using the {GARCH package [31] of the R language.

the values of u, M, and P(|V| > u) for the SP500 and DJIA series described in table 3.1.
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Algorithm 2 Algorithm for simulating a sample path under the dual kernel

procedure siM(u, Vp) > Simulate a path under the dual kernel
VW
X < Vo/|Vol
B+ (w,0)7
(N, S,1,m) + (0,0,0,0)
loop
Generate U(0,1) r.v. U
if I =0 then > u is not exceeded. Sample from the shifted distribution
draw WX from the shifted distribution as described in §3.7
else > u is exceeded. Sample from the original distribution
draw W from x?(1) distribution
end if
V— AW)V + B
if I =0 then > Once u is exceeded, X, S don’t need to be computed.
S+ log|A(W)X|

A(W)X
X < Zmx]

end if
if I =0 and |[V| < M then > The chain returns to C before exceeding u.
(Ny,S) < (0,0)
m<+m+1
else if I =0 and |V| > M then
if |V| > u then > u is exceeded for the 1st time
Ny+ N,+1
I+1
end if
else if I =1 and |V| < M then
break
else if I =1 and |V| > u then
Ny+ N,+1
end if
end loop
p ¢ Nuexp(~£8)re(Vo/[Vol) /re(X)
g+—m+1
return (p, q)
end procedure
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Algorithm 3 Algorithm for estimating P(|V] > u)

procedure &, (u, K)
Define Wy = (ﬁv
Define B = (w,0)7.
for i from 1 to 1000 do

Generate x?(1) random variable Z?
generate random matrix A;(Z2).
W; AiWi—l + B
end for
for i from 1 to 800 do > Discard the first 20% of the sample.
Wi <= Wita00
end for
Discard all W; for which |[W;| > M.
N <+ number of remaining W;
Define a vector F of length K.
n<+0
for i from 1 to K do > Simulate K sample paths according to the dual transition
kernel
Generate U(0, N) random variable U
k<« [U]
(p, q) « sim(u, Wy,) > Simulate a sample path
E;+<»p
n < n-+gq;
end for
m(C) + N/1000
Eu ”f) Zfil E; > &, is our estimate of P(|V] > u)
return fu
end procedure

0)" > Create a sample of n : n(S) = #(S)/x(C),S CC

P(VI>wu) || w | P(|V]>u)
216 x 1072 || 17 | 4.03 x 1072
1.06 x 1072 || 18 | 3.25 x 10~*
6.37 x 1073 || 19 | 2.41 x 10~*
4.06 x 1073 || 20 | 2.08 x 10~
10 | 2.95x 1073 || 50 | 4.78 x 106
11 | 2.04 x 1073 || 51 | 4.43 x 106
12 | 1.55 x 1073 || 52 | 3.65 x 106
13 ] 9.92x 107 || 53 | 3.96 x 106
14 | 7.94x107* || 53 | 3.77 x 106
15 | 6.24 x107% || 54 | 3.42 x 106
16 | 5.09 x 107* || 55 | 3.05 x 106

© 00 N e

Table 3.2: Estimates of P(|]V| > u) for the GARCH(2,1) model of DJIA. M = 4.65,
§=4.12.
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The eigenvalues of the sample covariance
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Abstract

We consider a multivariate heavy-tailed stochastic volatility model and analyze
the large-sample behavior of its sample covariance matrix. We study the limiting
behavior of its entries in the infinite-variance case and derive results for the ordered
eigenvalues and corresponding eigenvectors. Essentially, we consider two different
cases where the tail behavior either stems from the iid innovations of the process
or from its volatility sequence. In both cases, we make use of a large deviations
technique for regularly varying time series to derive multivariate a-stable limit dis-
tributions of the sample covariance matrix. While we show that in the case of
heavy-tailed innovations the limiting behavior resembles that of completely inde-
pendent observations, we also derive that in the case of a heavy-tailed volatility
sequence the possible limiting behavior is more diverse, i.e. allowing for depen-
dencies in the limiting distributions which are determined by the structure of the
underlying volatility sequence.

4.1 Introduction

4.1.1 Background and Motivation

The study of sample covariance matrices is fundamental for the analysis of dependence
in multivariate time series. Besides from providing estimators for variances and covari-
ances of the observations (in case of their existence), the sample covariance matrices
are a starting point for dimension reduction methods like principal component analysis.
Accordingly, the special structure of sample covariance matrices and their largest eigen-
values has been intensively studied in random matrix theory, starting with iid Gaussian
observations and more recently extending results to arbitrary distributions which satisfy
some moment assumptions like in the four moment theorem of Tao and Vu [109].
However, with respect to the analysis of financial time series, such a moment assump-
tion is often not suitable. Instead, in this work, we will analyze the large sample behavior
of sample covariance matrices under the assumption that the marginal distributions of
our observations are regularly varying with index o < 4 which implies that fourth mo-
ments do not exist. In this case, we would expect the largest eigenvalues of the sample
covariance matrix to inherit heavy-tailed behavior as well; see for example Ben Arous
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and Guionnet [18], Auffinger et al. [7], Soshnikov [105, 106], Davis et al. [38], Heiny and
Mikosch [68] for the case of iid entries. Furthermore, in the context of financial time se-
ries we have to allow for dependencies both over time and between different components
and indeed it is the very aim of the analysis to discover and test for these dependencies
from the resulting sample covariance matrix as has for example been done in Plerou
et al. [95] and Davis et al. [44, 45]. The detection of dependencies among assets also
plays a crucial role in portfolio optimization based on multi-factor prizing models, where
principal component analysis is one way to derive the main driving factors of a portfolio;
cf. Campbell et al. [30] and recent work by Lam and Yao [86].

The literature on the asymptotic behavior of sample covariance matrices derived from
dependent heavy-tailed data is, however, relatively sparse up till now. Starting with the
analysis of the sample autocorrelation of univariate linear heavy-tailed time series in
Davis and Resnick [46, 47], the theory has recently been extended to multivariate heavy-
tailed time series with linear structure in Davis et al. [44, 45], cf. also the recent survey
article by Davis et al. [38]. But most of the standard models for financial time series
such as GARCH and stochastic volatility models are non-linear. In this paper we will
therefore focus on a class of multivariate stochastic volatility models of the form

Xit:UitZit7 tEZa 1S1§p7 (41)

where (Z;;) is an iid random field independent of a strictly stationary ergodic field (o)
of non-negative random variables; see Section 4.2 for further details. Stochastic volatility
models have been studied in detail in the financial time series literature; see for example
Andersen et al. [4], Part II. They are among the simplest models allowing for conditional
heteroscedasticity of a time series. In view of independence between the Z- and o-fields
dependence conditions on (X;;) are imposed only via the stochastic volatility (o;;). Often
it is assumed that (log ;) has a linear structure, most often Gaussian.

In this paper we are interested in the case when the marginal and finite-dimensional
distributions of (X;;) have power-law tails. Due to independence between (o) and (Z;;)
heavy tails of (X;;) can be due to the Z- or the o-field. Here we will consider two cases:
(1) the tails of Z dominate the right tail of o and (2) the right tail of o dominates the
tail of Z. The third case when both ¢ and Z have heavy tails and are tail-equivalent
will not be considered in this paper. Case (1) is typically more simple to handle; see
Davis and Mikosch [40, 41, 43] for extreme value theory, point process convergence and
central limit theory with infinite variance stable limits. Case (2) is more subtle as regards
the tails of the finite-dimensional distributions. The literature on stochastic volatility
models with a heavy-tailed volatility sequence is so far sparse but the interest in these
models has been growing recently; see Mikosch and Rezapour [89], Kulik and Soulier
[85] and Janfilen and Drees [78]. In particular, it has been shown that these models offer
a lot of flexibility with regard to the extremal dependence structure of the time series,
ranging from asymptotic dependence of consecutive observations (cf. [89]) to asymptotic
independence of varying degrees (cf. [85] and [78]).

4.1.2 Aims, main results and structure

After introducing the general model in Section 4.2 we first deal with the case of heavy-
tailed innovations and a light-tailed volatility sequence in Section 4.3. The first step in
our analysis is to describe the extremal structure of the corresponding process by deriving
its so-called tail process; see Section 4.2.3 and Proposition 4.1. This allows one to apply



4.1. INTRODUCTION 71

an infinite variance stable central limit theorem from Mikosch and Wintenberger [90] (see
Appendix 4.6) to derive the joint limiting behavior of the entries of the sample covariance
matrix of this model. This leads to the main results in the first case: Theorems 4.3 and
4.6. They say, roughly speaking, that all values on the off-diagonals of the sample
covariance matrix are negligible compared to the values on the diagonals. Furthermore,
the values on the diagonal converge, under suitable normalization, to independent a-
stable random variables, so the limiting behavior of this class of stochastic volatility
models is quite similar to the case of iid heavy-tailed random variables. This fairly
tractable structure allows us also to derive explicit results about the asymptotic behavior
of the ordered eigenvalues and corresponding eigenvectors which can be found in Sections
4.3.3 and 4.3.4. In particular, we will see that in this model the eigenvectors are basically
the unit canonical basis vectors which describe a very weak form of extremal dependence.
With a view towards portfolio analysis, our assumptions imply that large movements of
the market are mainly driven by one single asset, where each asset is equally likely to be
this extreme driving force.

In the second case of a heavy-tailed volatility sequence combined with light-tailed
innovations, which we analyze in Section 4.4, we see that the range of possible limiting
behaviors of the entries of the sample covariance matrix is more diverse and depends on
the specific structure of the underlying volatility process. We make the common assump-
tion that our volatility process is log-linear, where we distinguish between two different
cases for the corresponding innovation distribution of this process. Again, for both cases,
we first derive the specific form of the corresponding tail process (see Proposition 4.14)
which then allows us to derive the limiting behavior of the sample covariance matrix en-
tries, leading to the main results in the second case: Theorems 4.16 and 4.20. We show
that the sample covariance matrix can feature non-negligible off-diagonal components,
therefore clearly distinguishing from the iid case, if we assume that the innovations of
the log-linear volatility process are convolution equivalent. We discuss concrete exam-
ples for both model specifications and the corresponding implications for the asymptotic
behavior of ordered eigenvalues and corresponding eigenvectors at the end of Section 4.4.

Section 4.5 contains a small simulation study which illustrates our results for both
cases and also includes a real-life data example for comparison. From the foreign exchange
rate data that we use, it is notable that the corresponding sample covariance matrix
features a relatively large gap between the largest and the second largest eigenvalue and
that the eigenvector corresponding to the largest eigenvalue is fairly spread out, i.e., all its
components are of a similar order of magnitude. This implies that the model discussed in
Section 4.3 may not be that suitable to catch the extremal dependence of this data, and
that there is not one single component that is most affected by extreme movements but
instead all assets are affected in a similar way. We perform simulations for three different
specifications of models from Sections 4.3 and 4.4. They illustrate that the models
analyzed in Section 4.4 are capable of exhibiting more diverse asymptotic behaviors of
the sample covariance matrix and in particular non-localized dominant eigenvectors.

Some useful results for the (joint) tail and extremal behavior of random products are
gathered in Appendix 4.7. These results may be of independent interest when study-
ing the extremes of multivariate stochastic volatility models with possibly distinct tail
indices. We mention in passing that there is great interest in non-linear models for log-
returns of speculative prices when the number of assets p increases with the sample size
n. We understand our analysis as a first step in this direction.
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4.2 The model
We consider a stochastic volatility model
Xit = 0it Zit iL,tez, (4.2)

where (Z;;) is an iid field independent of a strictly stationary ergodic field (o) of non-
negative random variables. We write Z, o, X for generic elements of the Z-, - and
X-fields 0 and Z are independent. A special case appears when o > 0 is a constant:
then (X;;) constitutes an iid field.

For the stochastic volatility model as in (4.1) we construct the multivariate time series

Xy = (X1, Xp), t€Z, (4.3)

for a given dimension p > 1. For n > 1 we write X" = vec((Xt)t:17,,,7n) € RP*™ and
consider the non-normalized sample covariance matrix

X™M(X™) = (5ij)ij=1,..p s Sij = ZXitht> Si = S« (4.4)
=1

4.2.1 Case (1): Z dominates the tail

We assume that Z is regularly varying with index a > 0, i.e.,

L L
P(Z > x) ~py (=) and P(Z < —x) ~p_ Liz) , x — o0, (4.5)
i ¢
where p; and p_ are non-negative numbers with p; +p_ =1 and L is a slowly varying

function. If we assume E[c®+°] < oo for some & > 0 then, in view of a result by Breiman
[27] (see also Lemma 4.24), it follows that

P(X >z) ~E[oY|P(Z >2) and P(X < —z) ~E[c*|P(Z < —zx), x — 00, (4.6)

i.e., X is regularly varying with index a. Moreover, we know from a result by Embrechts
and Goldie [57] that for independent copies Z; and Zs of Z, Z1Z5 is again regularly
varying with index «; cf. Lemma 4.24. Therefore, using again Breiman’s result under
the condition that E[(ci00j0)*t01(i # j) + 0$] < oo for some & > 0, we have

El(oi0je)|P(£2Z: Z; > ) i#7,

P(£X;: X5 > x) ~ T — 00. 4.7
(X0 Xy > ) {mwmw%m) i=7, 1)

4.2.2 Case (2): 0 dominates the tail

We assume that o > 0 is regularly varying with some index a > 0: for some slowly
varying function ¢,

Plo >z) =2"%Y(z),
and E[|Z|**°] < oo for some § > 0. Now the Breiman result yields

P(X >2) ~E[Z$]P(c >2) and P(X < —z) ~E[Z2]P(0 > z), T — 00.
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Since we are also interested in the tail behavior of the products X;; X;; we need to be
more precise about the joint distribution of the sequences (0;;). We assume

04t = €xp ( Z ] Th‘—m—z) , i,t € Z, (4.8)

k,l=—o0

where (¢y;) is a field of non-negative numbers (at least one of them being positive)
(without loss of generality) maxy; ¥y = 1 and (1) is an iid random field a generic
element 7 satisfies

Pe” >z) =2~ “L(z), (4.9)

for some a > 0 and a slowly varying function L. We also assume Zk’l Vi < 00 to
ensure absolute summability of logo;;. A distribution of n that fits into this scheme is
for example the exponential distribution; cf. also Rootzén [98] for further examples and
extreme value theory for linear processes of the form Zfi_ oo V1M1

4.2.3 Regularly varying sequences

In Sections 4.3.1 and 4.4.1 we will elaborate on the joint tail behavior of the sequences
(0it), (Xit), (0it0jt), and (X33 X ;). We will show that, under suitable conditions, these
sequences are regularly varying with positive indices.

The notion of a univariate regularly varying sequence was introduced by Davis and
Hsing [39]. Its extension to the multivariate case does not represent difficulties; see Davis
and Mikosch [42]. An R%valued strictly stationary sequence (Y;) is regularly varying
with index v > 0 if each of the vectors (Y¢)i=o,...n, b > 0, is regularly varying with index
7, i.e., there exist non-null Radon s p;, on [—o0, 00]+1\{0} which are homogeneous
of order —v such that

P(x_l(Yt)t:O,...,h €) v .
P >a) ) Y

Here % denotes vague convergence on the Borel o-field of [—o0, co]*#+1\{0} and | - ||
denotes any given norm; see Resnick’s books [96, 97] as general references to multivariate
regular variation.

Following Basrak and Segers [15], an R%valued strictly stationary sequence (Y}) is
regularly varying with index « > 0 if and only if there exists a sequence of R%valued
random vectors (@) independent of a Pareto(y) random variable Y, i.e., P(Y > z) =
™7, x> 1, for any k > 0,

Pz " (Yo,....Yr) €| [[Yo| >2) S P(Y (®p,...,0r) €+), z—00. (4.11)

We call (®},) the spectral tail process of (Y) and (Y ©y,) the tail process. We will use
both defining properties (i.e., (4.10) and (4.11)) of a regularly varying sequence.

4.3 Case (1): Z dominates the tail
4.3.1 Regular variation of the stochastic volatility model and its
product processes

Proposition 4.1. We assume the stochastic volatility model (4.2) and that Z is reqularly
varying with index o > 0 in the sense of (4.5).
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1. If E[o®*€] < oo for some € > 0 the sequence (Xi)iez 48 reqularly varying with
index a and the corresponding spectral tail process ( }L) h>1 vanishes.

2. For any i # j, if E[(0i00,0)*1¢] < 00 for some e > 0 then the sequence (X Xje) is
reqularly varying with index o and the corresponding spectral tail process (@h Jh>1
vanishes.

Remark 4.2. If E[(0,0j,)* %3] < oo for some €;;,5; > 0 and any (¢,k) # (j,1) it is
also possible to show the joint regular variation of the processes (X;X;¢), ¢ # j, with
index . The description of the corresponding spectral tail process is slightly tedious. It
is not needed for the purposes of this paper and therefore omitted.

Proof. Regular variation of the marginal distributions of (X;;) and (X;;X ;) follows from
Breiman’s result; see (4.6) and (4.7). As regards the regular varlatlon of the finite-
dimensional dlstrlbutlons of (X;t), we have for h > 1,

P(min(| X0/, | Xin|) > z)

P(| Xio| > x)
P(max (o0, o3p) min(| Ziol, | Zin|) > x)
- P(|Xio| > )

P(|Xin| > x| | Xio| >2) =

— 0, T — 00.

In the last step we used Markov’s inequality together with the moment condition E[c®T¢] <
oo and the fact that min(|Z;o|, | Zix|) is regularly varying with index 2c.. This means that
}L =0 for h > 1.
Similarly, for ¢ # 7, h > 1,

P(max(ci00j0, 0:h05k) min(| Zio Zjo|, | Zin Z;n|) > x)
P(‘Xi()XjQ' > J))

P(IXinXjn| > @ | [XioXjo| > 2) < -0

In the last step we again used Markov’s inequality, the fact that Z;oZ;y is regularly
varying with index a (see Embrechts and Goldie [57]; cf. Lemma 4.24(1) below), hence
min(|Z;0Zjol, | ZinZ;n|) is regularly varying with index 2«, and the moment condition
E[(0i000)*"¢] < co. Hence 07 =0 for i #4,h>1 O

4.3.2 Infinite variance stable limit theory for the stochastic
volatility model and its product processes

Theorem 4.3. Consider the stochastic volatility model (4.2) and assume the following
conditions:

1. Z is regqularly varying with index o € (0,4) \ {2}.

2. ((Oit)t:172=<-~)¢:1 o is strongly mizing with rate function (ay) for some § > 0,

Z al/) o (4.12)

8. The moment condition
E[g?max(2+0a4a)] < oo (4.13)

holds for the same 6 > 0 as in (4.12) and some € > 0.
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Then
a2 (S1 = Cnye oy Sp— ) S (Erajare s Epasa) (4.14)
where (§;./2) are iid o /2-stable random variables which are totally skewed to the right,
~J 0 a€(0,2),
= { nE[X? «ac€(2,4), (4.15)

and (ay,) satisfies nP(|X| > ay,) = 1 as n — 0.

Remark 4.4. From classical limit theory (see Feller [61], Petrov [94]) we know that
(4.14) holds for an iid random field (X;;) with regularly varying X with index o € (0,4).
In the case o = 2 one needs the special centering ¢, = nE[X?1(|X| < a,,)] which often
leads to some additional technical difficulties. For this reason we typically exclude this
case in the sequel.

Remark 4.5. It follows from standard theory that a-mixing of (o) with rate function
(avp,) implies a-mixing of (X;;) with rate function (4ay,); see Davis and Mikosch [43].

Proof. Recall the definition of (X;) from (4.3). We will verify the conditions of Theo-
rem 4.22 for X7 = (X2)i=1,., t=0,1,2,....

(1) We start by verifying the regular variation condition for (X;); see (4.11). We will de-
termine the sequence (@},) corresponding to (X;). We have for ¢ > 1, with the max-norm

-1l
P(|Xe]| > 2, Uy {| Xio| > })

P(||X¢]| > Xoll > <
(IXell >z [ [ Xoll > z) < P(|Xo] > 2)
- iP(thnw,\lem)
S 2T RG> )
LI P(|Xj| >z, | Xio| > )
< / -
P D EE)
i=1 j=1
Y I P(max(oji, 040) min(|Zje], | Zio|) > )
< Jts O J ? .
= L) P(olZ] > 2)

We observe that by Breiman’s result and in view of the moment condition (4.13), for
t > 1 and some positive constant c,
]P)(maX(th,Uio) min(|th|, |Z20|) > {,E) . ]P’(min(\th|, |Z10D > $)
P(o|Z| > z) P(|Z| > z) ’

and the right-hand side converges to zero as © — oo. We conclude that ®;, = 0 for
h > 1. We also have for i # j,

P Xio| > 2, [Xjo| > ) _ P(max (a0, 050) min(| Zio|, | Zjo|) > )
P(|X]| > x) - P(o|Z| > x) ’

Then, in a similar way, one can show

P(Xo/|Xoll € - | [IXoll > 2) = P(Og € -

’UM—‘

Z p+5e1 +P E_e; ()) '(4'16)
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where e; are the canonical basis vectors in RP, ex is Dirac measure at x and py are the
tail balance factors in (4.5).

We conclude that the spectral tail process (@;12)) of (X?) is given by @f) = 0 for
h > 1 and from (4.16) we also have

POF €)= ;Zo (4.17)

In particular, the condition Y .o, IE[||®E2) [] < oo in Theorem 4.22(4) is trivially satisfied.

(2) Next we want to prove the mixing condition (4.46) for the sequence (X?). We start
by observing that there are integer sequences (I,) and (my,,) &, o, — 0, I, = o(my,) and
my, = o(n). Then we also have for any v > 0,

ln
P XPU(Xe]| > can) > ya2) < kn Lo P(| Xyl > €an) < cln/mn =o0(1). (4.18)
t=1

Relation (4.46) turns into
Ee is'a,? " XXl >ean) (E is'ay 2y " X21(|\Xfll>san)) 0 seRP.

In view of (4.18) it is not difficult to see that we can replace the sum in the former char-

acteristic function by the sum over the index set J,, = {1,...,mp, —l,,mp+1,...,2m, —
lny...,} € {1,...,n} and in the latter characteristic function by the sum over the index
set {1,...,my, —I,}. Without loss of generality we may assume that n/m,, is an integer.

Thus it remains to show that the following difference converges to zero for every s € RP:

’E[eis'a,:?ZteJn XX ><an)] _( ef e 20 X21<\|Xtu>ean>])’“"

n 72 Jmnp—ln 2
‘ E {He n t=(j—1)mn 41 X IXe [ >ean)
v=

( is’a 22“711" in X21(||X¢||>ean) _ [ is'a;? ZUMn*ln X?l(”XtH>Ean):|)i|

t=(v—1)mn+1 t=(v—1)mn+1

—2 Jmn—ln 2
X H E is'a, t=(j—1)mn +1Xt1(”Xt”>5an)]‘.

j=v+1

In view of a standard inequality for covariances of strongly mixing sequences of bounded
random variables (see Doukhan [49], p. 3) the right-hand side is bounded by ck,qy,
which converges to zero by construction. Here and in what follows, ¢ stands for any
positive constant whose value is not of interest. Its value may change from line to line.
This finishes the proof of the mixing condition.

(3) Next we check the anti-clustering condition (4.47) for (X;) with normalization (a,,),
implying the corresponding condition for (X?) with normalization (a2 ). By similar meth-
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ods as for part (1) of the proof, assuming that || - || is the max-norm, we have

P max X)) > an | [Xol| > 1a2)

mMn

< Z]P)(”Xt” > Yap ‘ ”XO” > 'Van)

t=l

Jon P IP’(|XZ-t| > yan , | Xjo| > van)
< c

;;; P(1Z] > ~an)

<o L P(max (o4, 0j0) min(| Zit|, | Zj0]) > van)
< er2 2 B(1Z] > 7a,)

t=l i=1 j=1

U P(O’it min(|Z;,|Z;o|) > ’yan)
S XXX (2 ) |

By stationarity the probabilities on the right-hand side do not depend on ¢ > [. Therefore
and by Breiman’s result, the right-hand side is bounded by
P(min(|Zi|, |Zjo]) > van)
mp
P(1Z] > ~an)

= O((ma/n)[n B(|Z] > an)]) = o(1).

This proves (4.47) for (X).

(4) Next we check the vanishing small values condition (4.48) for the partial sums of
(X?) and « € (2,4). Tt is not difficult to see that it suffices to prove the corresponding
result for the component processes:

hmlimsup[[”(‘ D (XA1( Xt < ean) — B[X71(| Xue| < ean)])‘ > 'yai> =0, (4.19)
el0 nosoo =1

¥y>0,i=1,...,p.
We have

n
0,2 " oRE[Z31(|Xu| < ean) | 0u] — an® nE[XE1(|Xu| < ean)]

t=1
= 0,*) (04 —EloA) E[Z2%] — a;* Y (cHE[ZI1(1Xu| > ean) | i) — E[XA1(| Xut| > £an)])
t=1 t=1
= L+1.

The sequence (0?) satisfies the central limit theorem with normalization y/n. This
follows from Ibragimov’s central limit theorem for strongly mixing sequence whose rate
function (ay,) satisfies (4.12) and has moment E[02(2+9))] < 0o (see (4.13)); cf. Doukhan

[49], p. 45. We know that \/n/a2 — 0 for o € (2,4). Therefore I % 0. We also have

E[I2] < G%E[a4(1E[221(|X|>5an)|o])2}

n

n n
7 D> lcov(oRE[ZZ1(X}| > ean) | oil, 07, E[Z5,1(IX 7| > €an) | oin))]

a
" h=1
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In view of the moment conditions on o and since E[Z?] < oo, I3 < ¢(n/ak) — 0. In view
of Doukhan [49], Theorem 3 on p. 9, we have

n
I, < ¢X 042/(%5)(E|0|2(2+5))2/(2+5)—>O.

4
a
" h=1

Thus it suffices for (4.19) to prove

limlimsupP(’ Z (UftE[th1(|Xit| < ean) | oi] — XZ1(|Xu| < san))‘ > fyafl) =0, v>0.

eld noco —1

The summands are independent and centered, conditional on the o-field generated by
(0it)t=1,...n- An application of Cebyshev’s inequality conditional on this o-field and
Karamata’s theorem yield, as n — oo,

5[E(

< ca;4E[Zvar(Xil(|Xit| < cay) | ow) | (01s)
t=1

enetB[| X/ (ea,)|*1(|X| < eay)] — ce* .

[M]=

(GAEIZ21(1Xul < 2ay) | o] — X3L(Xal < ean))| > vad|(0s) )]

~
Il
3 [l

IN

The right-hand side converges to zero as ¢ | 0.

This proves that all assumptions of Theorem 4.22 are satisfied. Therefore the random
variables on the left-hand side of (4.14) converge to an a-stable random vector with log
characteristic function

oo . / oo (2) . / oo (2)
/ Ele"* 2587 w8 iyt 110 (a/2)] d(—y*'?)
0

p 0o
1 .
;/ E[ezytj _Z'ytjl(lﬂ)(a/m} d(_ya/2)7 t = (tlﬂ"'7tp)l €R?,
Z_l 0

Jj=

where we used (4.17) and that @f) =0 for h > 1. One easily checks that all summands
in this expression are homogeneous functions in t; of degree /2. Therefore, the limiting
random vector in (4.14) has the same distribution as the sum Zle €;&j.ay2 for iid & o /2
which are a/2-stable and totally skewed to the right (because all the summands in S
are non-negative). O

4.3.3 Eigenvalues of the sample covariance matrix

We have the following approximations:
Theorem 4.6. Assume that one of the following conditions holds:

1. (Xy4) is an did field of regularly varying random variables with index « € (0,4). If
E[|X]|] < oo we also assume E[X] = 0.

2. (Xit) is a stochastic volatility model (4.2) satisfying the regular variation, mizing
and moment conditions of Theorem 4.5. If E[|Z|] < oo we also assume E[Z] = 0.
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Then, with X™ as in (4.4),
0, 2[X7 (X"~ diag(X"(X")) ]2 = 0.
where || - ||2 is the spectral norm and (a,) is a sequence nP(|X| > a,,) — 1.

Proof. Part (1). Recall that for a p x p matrix A we have ||All2 < ||A| F, where || - ||
denotes the Frobenius norm. Hence

a, X" (X" — diag(X"(X"))]3

IN

a, ! |X™(X")" — diag(X"™(X"))|| %
= Y (a28y)". (4.20)

1<i#j<p

In view of the assumptions, (X;; Xj;)i=12,.., % # j, is an iid sequence of regularly varying
random variables with index « which is also centered if E[|X|] < co. We consider two
different cases.

The case a € (0,2). According to classical limit theory (see Feller [61], Petrov [94]) we

have for i # j, b, 1S;; KN a, (see (4.4) for the definition of S;;) where &, is an a-stable
random variable and (b,) is chosen nP(| X1 X3| > b,) — 1 for independent copies X7, X
of X. Since (b,) and (a2) are regularly varying with indices 1/a and 2/«, respectively,
the right-hand side in (4.20) converges to zero in probability.

The case o € [2,4). In this case the distribution of X X5 is in the domain of attraction
of the normal law. Since X;X2 has mean zero we can apply classical limit theory (see
Feller [61], Petrov [94]) to conclude that b,'S;; 4N , where (by,) is regularly varying
with index 1/2 and N is centered Gaussian. Since b, /a2 — 0 we again conclude that
the right-hand side of (4.20) converges to zero in probability.

Part (2). We again appeal to (4.20). Let v < min(2, ). Then we have for i # j, using
the independence of (X;; X ;) conditional on ((oi,0;:)) and that the distribution of Z is
centered if its first absolute moments exists, that

n 1«
C oy, Z(Uitajt)”(ElZ\”)27

n t=1

IN

GZZV]EUSUP | (ot th))}

cf. von Bahr and Esséen [115] and Petrov [94], 2.6.20 on p. 82. In view of the moment
condition (4.13) we have E[(0;0;)7] < oo and n/a2’ — 0 if we choose v sufficiently close
to min(2, ). Then the right-hand side converges to zero in view of the ergodic theorem.

An application of the conditional Markov inequality of order ~ yields a,2S;; 5 0. This
proves the theorem. O

Corollary 4.7. Assume that (X;;) is either

1. an iid field of regularly varying random variables with index o € (0,4) and E[X] =0
if E[| X|] < o0, or

2. a stochastic volatility model of regularly varying random variables with inder o €
(0,4) \ {2} satisfying the conditions of Theorem 4.6(2).

Then

%

22 max ) = S| 50,
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where (A\;) are the eigenvalues of X™(X™)', X1y > -+ > A(p) are their ordered values and
Sy = -+ > 8 are the ordered values of Si, ..., S, defined in (4.4). In particular, we
have

@A) = s Ay = n) > (Eaya/zr- -+ Eharz) (4.21)

where (c,) is defined in (4.15) for o # 2 and in Remark 4.4 for o = 2, (&; o/2) are iid
a/2-stable random variables given in Theorem 4.3 for the stochastic volatility model and
in Remark 4.4 for the iid field, and §1),.aj2 > =+ 2 &(p),as2 are their ordered values.

Proof. We have by Weyl’s inequality (see Bhatia [20]) and Theorem 4.6,

an,

,,,,,

- - n n 3 n n P

zi:rrllaxp Ay = Siy| < @ ?IXM(X") — diag(X™(X™") )2 = 0. (4.22)
If (X;4) is an iid random field (see Remark 4.4) or a stochastic volatility model satisfying
the conditions of Theorem 4.6(2) we have (4.14). Then (4.22) implies (4.21). O
Remark 4.8. If a € (2,4) we have E[X?] < co. Therefore (4.21) reads as

(()

aZ
az * n

d
- E[X2])i:1’m,p — ({(i)7a/2)'i=1,...,p . (423)

We notice that n/a2 — oo for a € (2,4) since (n/a2) is regularly varying with index

1 —2/a. In particular, if tr(X"™(X"™)") denotes the trace of X" (X"™)’ we have for i < p,
e rMop/n pl

(X" (X)) M4+ X)/np

. (4.24)

The joint asymptotic distribution of the ordered eigenvalues (A;)) is easily calculated
from the distribution of a totally skewed a/2-stable random variable & , /2; in particular,
the limit of (a,?(A(1) — ¢,)) has the distribution of max(&1 q/2;- - - &p.a/2)-

For applications, it is more natural to replace the random variables X;; by their
mean-centered versions X;; — X;, where X; = (1/n) > 1, Xi, instead of assuming that
they have mean zero. The previous results remain valid for the sample-mean centered
random variables Xj;, also in the case when X has infinite first moment.

4.3.4 Some applications: Limit results for ordered eigenvalues and
eigenvectors of the sample covariance matrix

In what follows, we assume the conditions of Corollary 4.7.

4.3.4.1 Spacings

Using the joint convergence of the normalized ordered eigenvalues (A(;)) we can calculate
the limit of the spectral gaps:

d
)i:l,...,p—l - (g(i)70‘/2 - €(i+1)7a/2)i:1,...,p—1 ! (4'25)

We notice that the ordered values £(;) /2 and linear functionals thereof (such as
§i),a/2 — &(i+1),a/2) are again jointly regularly varying with index a/2. This is due to
the continuous mapping theorem for regularly varying vectors; see Hult and Lindskog
[74, 75], cf. Jessen and Mikosch [81].
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4.3.4.2 Trace
For the trace of X"™(X"™)" we have

a,? (tr(XM(X™)) —pen) = a,? Z(Si —cp)

p
_ d d 9/
= a‘nzz(/\i_cn) _>€1,a/2+"'+§p,a/2 :p2/ gl,a/2~

i=1

Moreover, we have the joint convergence of the normalized and centered (A(;)) and
tr(X™(X™)) = Ay + - - + Ap. In particular, we have the self-normalized limit relations

( Ay — Cn ). q §(i),a/2 ‘
tr(Xn(Xn)/) —PCn i=Lp El,a/Q +-+ 51),(,!/2 =Lp

and for a € (2,4), by the strong law of large numbers,

@(M) FNRIORYE:
a2 \tr(Xn(X")")/i=1,...p E[X?] "

4.3.4.3 Determinant

Since \; — ¢, are the eigenvalues of X" (X")" — ¢, I,,, where I, is the p X p identity matrix,
we obtain for the determinant

p
det (a;2(Xn(Xn)/ —Cn IP)) = H a”I’_LZ()\(’L) - Cn)
i=1
d
= a2 Ew)as2 = S1,a/2  Epiay2 -
For « € (2,4), we also have
1 . T\
7 (et X" XN)) =) = 3 at (o —ea) [I 0
n-n i=1 j=1 n
d
_>

P P

d [e4
Zf(i),aﬂ = Zfi,a/z = p2/ 51,(1/2 )
i=1 i=1
where we used (4.23).

4.3.4.4 Eigenvectors

It is also possible to localize the eigenvectors of the matrix a,2X"(X"). Since this
matrix is approximated by its diagonal in spectral norm, one may expect that the unit
eigenvectors of the original matrix are close to the canonical basis vectors. We can write

CLT_L2Xn(X")/eLj = a;QS(j) er, +e, W,

where W is a unit vector orthogonal to er;, L; is the index of S(;) = S, and

_ n n P
En :anzH(X (X )/7S(j))eLng2 —)O,
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from Theorem 4.6 and by equivalence of all matrix norms. According to Proposition
A.1 in Benaych-Georges and Peché [19], there is an eigenvalue a;,?A(;) of a,, *X"(X")" in
some e,-neighborhood of a,,25(;). Define

Qn = {a,.* M) — Al > dn, L # 5},
for d, = ke, for any fixed & > 1. Then lim, . P(Q,) = 1 because of (4.25) and
d, 5 0. Hence, for large n, a,?X\(j) and a,*A() have distance at least d,, with high

probability. Another application of Proposition A.1 in [19] yields that the unit eigenvector
V associated with a,, 2)\(j) satisfies the relation

limsupIP’(HV — VLjeLj ng > 5)

n— oo

IN

limsupP({|V — Vi, er,|le, > 6} N Q) + limsup P(Q))
n— oo

n—oo

< limsupIP’({2 en/(dn —en) > 61N Qn)
n— o0

Liz/(k-1)>5} -
For any fixed § > 0, the right-hand side is zero for sufficiently large k. Since both V and

oo . P
ey, are unit eigenvectors this means that |V —er ||¢, — 0.
J gtz

4.3.4.5 Sample correlation matrix

In Remark 4.8 we mentioned that we can replace the variables X;; by their sample-mean

centered versions X;; — X; without changing the asymptotic theory. Similarly, one may
be interested in transforming the X;; as follows:

~ Xio — X n _
Xy =" 57 = (X —X,)%.

Then the matrix

is the sample correlation matrix. We write Xi, i=1,...,p, for the eigenvalues of )N("()NC”)’
and X(l) > .. > X(p) for their ordered values.

We notice that the entries of this matrix are all bounded in modulus by one. In
particular, the diagonal consists of ones. We do not have a complete limit theory for the
eigenvalues A;. We restrict ourselves to iid (X;;) to explain the differences.

Lemma 4.9. Assume that (X;t) is an id field of random variables.

1. IfE[X?] < oo then

n max |\ — 1] = Op(1).
1=1,..., P

2. If X is regularly varying with index « € (0,2) then

‘max |\ — 1] = O0p(1),
i=1,...,p

SIA
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where (a,) and (b,) are chosen P(|X| > ay,) ~ P(|X1Xa| > b,) ~ n~! for iid copies
Xl, X2 Of X.

Remark 4.10. Notice that the lemma implies X,» B 1 fori= 1,...,p, and the analog
of relation (4.24) remains valid.

Proof. Part(1) We assume without loss of generality that 1 = E[X?]. Then by classical
limit theory,

\/ﬁ(in(in)/ _ dlag(in(in)l» _ \/ﬁ(in(in)l _ Ip)
_ i TP (X = X (X — X))
= (G e )
(Nij1(i # j)) ,

where N;j;, 1 <i < j <n,areiid N(0,1) and N;; = Nj;. By Weyl’s inequality,

la

Vi max \X(i) - 1‘ < V| XX — L|ls = Op(1).
i=1,...,p
Part(2) If X is regularly varying with index a € (0,2), we have that (a,25?) con-
verges to a vector of iid positive a/2-stable random variables (&;), while for every i # 7,
bt o (X — X)) (X — X) 4 &; and the limit &; is a-stable. Then by Weyl’s
inequality

ay Y 0’72L NN/
an ‘maxp‘)\(i) - 1] < XX - Ll = Os(1).

4.4 Case (2): 0 dominates the tail

In this section we assume the conditions of Case (2); see Section 4.2.2. Our goal is to
derive results analogous to Case (1): regular variation of (X;;), infinite variance limits for
Si; and limit theory for the eigenvalues of the corresponding sample covariance matrices.
It turns out that this case offers a wider spectrum of possible limit behaviors and that we
have to further distinguish our assumptions about the distribution of 7. So, in addition
to (4.9) we assume that either

Ele"] = oo (4.26)

or

P P(e™ . g2
fim DUREI2>T) g ) e g e > )

= 4.2
T—00 ]P)("h > iU) 200 P(e”l N (L‘) cE (0,00) ( 7)

hold, where 77, and 7, are independent copies of 7.

Remark 4.11. Following Cline [34], we call the distribution of a random variable 7 con-
volution equivalent if e is regularly varying and relation (4.27) holds. The assumptions
(4.26) and (4.27) are mutually exclusive, since the only possible finite limit ¢ in (4.27) is
given by ¢ = 2E[e"%]; see Davis and Resnick [47]. There are, however, regularly vary-
ing distributions of e” which satisfy E[e?*] < oo but not (4.27). An example is given
in Cline [34], p. 538; see also Lemma 4.24(3) for a necessary and sufficient condition
ensuring (4.27).
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As we will see later, relations (4.26) and (4.27) cause rather distinct limit behavior of
the sample covariance matrix. In particular, (4.27) allows for non-vanishing off-diagonal
elements of the normalized sample covariance matrices, in contrast to Case (1).

For notational simplicity, define

P = rrtalxwkl and A= {(k1): b =9}

Recall that for convenience we assume that ¢» = 1; if the latter condition does not hold
we can replace (without loss of generality) the random variables ng; by ¥mng and the
coefficients 1y by g /1. For given (i,7), we define

P = max (Vrt + Vreri—jit) - (4.28)

Notice that 1 < % < 2. For d > 1, we write i = (iy,...,%4),j = (j1,.-.,Jjaq) for elements
of Z¢. For given i and j we also define

L — max o,
¥ 1§l§dw

4.4.1 Regular variation

We start by showing that the volatility sequences are regularly varying.

Proposition 4.12. Under the aforementioned conditions and conventions (including
that either (4.26) or (4.27) hold),

1. each of the sequences (0it)tez, i = 1,2,. .., is reqularly varying with indez «,

2. each of the sequences (0101 )ez, 1,7 = 1,2,..., is reqularly varying with corre-
sponding index o/,

3. For d > 1 and i,j € Z, the d-variate sequence ((0s, 10, t)1<k<d)tcz s reqularly
varying with index o/,

Remark 4.13. Part (3) of the proposition possibly includes degenerate cases in the sense
that for some choices of (ix, j), (0, +0j,.¢) is regularly varying with index a/tpi% >
a/PH.

Part (3) implies (2) in the case d = 1. Part (2) implies (1) by setting ¢ = j and observ-
ing that, by non-negativity of o, regular variation of (¢%) with index a/2 is equivalent
to regular variation of (o) with index a.

Proof. To give some intuition we start with the proof of the marginal regular variation
of o, although it is just a special case of (1). We have

o =e Z(k,L)EA Mimkyt=t Z(k,z)gA PriMi—k,t—1 = CuATi A (4'29)
We first verify that o = opope is regularly varying with index «. Since |A] < co by our
assumptions, and in view of Embrechts and Goldie [57], Corollary on p. 245, cf. also

Lemma 4.24(1) below, the product o, is regularly varying with index . The random
variable oac is independent of . Similarly to Mikosch and Rezapour [89] (see also the
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end of this proof for a similar argumentation) one can show that oac has moment of
order « + ¢ for sufficiently small positive e. Therefore, by Breiman’s lemma [27],

P(oc > z) ~ E[o}:|P(oa > z), T — 00.

This proves regular variation with index « of the marginal distributions of (o).
In the remainder of the proof we focus on (3). For a given choice of i,j,t € Z%, we
write

Aije={(m,n) : ¥iy—my—n + Vjj—mty—n = Y for some 1 <1< d}. (4.30)

. o
We will show that the random vector (0, 0, t1s---s0igt40juta) =: O

varying with index «/1" which proves (3). Note that

is regularly

Oit0h = HGXP(¢kzni—k,t—z) H exp(Yr -k t-1)

(k,0) (K',17)

H eXp((wi—m,t—n + wj—m,t—n)nm,n)

(m;n)

and write
oc=A7Z (4.31)

where

H e Mm.n(Yiy—m,ty—nt¥j—m,t;—n)
(nL,n)eAf’j,t
A = diag ,
H eMmn(Pig—m,tg—ntVjz—m,tg—n)

(mmn)EAf, ¢

H eMm.n(Wiy—m.ty—ntPj—m,t;—n)
(m,m)EA; ;¢

H enm,n(sz‘d—m,td—nerjd—m,td—n)
(m,m)EA; ;¢

where diag((aq,...,a)) is any diagonal matrix with diagonal elements aq,...,ar. We
notice that A and Z are independent.

p = |Ajj,¢| the components of Z have representation in distribution H§:1 Yja“ , 1< <d.
By assumption, Yj is regularly varying with index o and satisfies either assumption
(4.52) or IE[Y]O‘] = o0o. Furthermore, for each j there exists one 1 < ¢ < d such that
Qij = Omax = " by the definition of Ajj¢. An application of Proposition 4.26 shows
that Z is regularly varying with index a/1' and limit measure jz which is given as p
in Proposition 4.26 (ii) (if (4.26) holds) or Proposition 4.26 (i) (if (4.27) holds). Now,
choose €, > 0 such that

wilfm,tlfn + wjzfm,tlfn
i

(1+9)<1l—¢ (myn)€Af;s 1<1<4d,
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which is possible by the definition of A;j+ and the summability constraint on the coeffi-
cients. Then we have

E[lafsi o]

d
< Z H E [e 77'!!1,,n0¢(1+5)('¢’”—'m,tl—nerjl7,"“”7”)/wi,ji|
=1 (m,n)€A{; |
d P
148) (Vi) —mt, —n+Vj, —m.t) —n 1— )i
< Z H E I:enm,na(l—g):|( +0) (Vi —m,t; —n+Vj; —m,t;—n) /[ (1—=€)p™) <o
I=1 (m,n)eAg; ,

where we used Jensen’s inequality for the penultimate step and the summability condition
of the coeflicients for the final one. Thus we have verified all conditions of the multivariate
Breiman lemma in Basrak et al. [13], implying that o inherits regular variation from Z
with corresponding index a/¢ and limit measure py(-) = E[uz(A~1)]. O

Proposition 4.14. Assume that the aforementioned conditions (including either (4.26)
or (4.27)) hold and that in addition E[|Z|**°] < oo for some § > 0. Then the following
statements hold:

1. Each of the sequences (Xit)tez, i € Z, is reqularly varying with index a.
If (4.26) holds then the corresponding spectral tail process satisfies ©F = 0 a.s.,
t > 1, and P(©) = +1) = E[Z%]/E[| Z]%].
If (4.27) holds, then for any Borel set B = By x --+ x B, C R*t1,

P((©})i=0,...n € B) (4.32)
> . E [1 <(1((u, v) € AY) Iﬁ;é\)t:o,...,n € B) |Xmo<]
(u,v)eA® |A§0)\ E[| Xiol*]

where AZ(-t) ={(u,v) : Yi—yt—0 =1}t=0,...,n.

2. Each of the sequences (Xt Xjt)iez, i,j € Z, is reqularly varying with index o /™.
If (4.26) holds then the corresponding spectral tail process satisfies G)ij =0 as.,
t>1, and P(OF = +1) = E[(Z:2,)Y*" /B[ Z:2;]*/¥"].

If (4.27) holds, then for any Borel set B = By x --+ x B, C R**1,

P((©7)i=0....n € B) (4.33)
t Xit Xt /I
Z 1 E |:]. ((1((’1,L,’U) € Ag’;)M)t:() ..... N € B> |X10X]0| /b J:|
() eA® |A£O])| E[|X¢0Xj0|a/wij] )
> i

where Agtj) = {(u,0) : Yicutv + Vjut—n =YY}t =0,...,n.

3. Ford > 1 and i,j € Z%, the d-variate sequence (Xipt Xt )1<k<d)tez is jointly
regularly varying with index a/y™.
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Remark 4.15. 1. Equation (4.32) shows that in this case the distribution of (©{);>¢

is a mixture of |AZ(-O)| distributions, where each distribution gets the weight 1/ |AE0) |
Heuristically speaking, a distribution in this mixture that corresponds to a specific
(u,v) € AEO) has interpretation as the distribution of (X;;/|Xiol)t>0, given that
we have seen an extreme observation of | X;g| caused by an extreme realization of
ev. The variables e ™, (u,v) € AZ(-O), are those which have a maximum exponent
(equal to 1) in the product H(u,v) exp(Wi—u,—vNuw) = 0i0- They are therefore the
factors which are most likely to make o;o, hence X;g, extreme.

An analogous interpretation can be derived from (4.33) for the distribution of
(©/)e=0-

2. Note that for fixed i, j, the inner indicator functions in (4.32) and (4.33) are positive
only for finitely many ¢. Hence there are only finitely many ¢ > 1 such that

P(©i #0) > 0 and P(O{) £ 0) > 0.

3. Using similar techniques as in the proof of cases (1) and (2) below, one can also
give an explicit expression for the resulting d-dimensional spectral tail process of
(X3t Xjt)1<k<d)tez in (3). However, due to its complexity, we refrain from stating
it here.

Proof. We start by showing that all mentioned sequences are regularly varying. Exem-
plarily, we show this for case (2). Very similar arguments can be used for the two other
cases. For n > 0 write
(X’itht);:O,...,n = dlag ((Zitht)izo,m,n) ’ (O-ito-jt):€=0,...,n .

Since 1" > 1 our moment assumption on Z implies that E[|Z|*/¥"+°] < oo for some
6 > 0. Then Proposition 4.12 allows us to apply the aforementioned multivariate Breiman
lemma, yielding the regular variation of the vector (X;+Xjt)i—o,. ., with index a/y%.
From the first definition given in Section 4.2.3, this implies the regular variation of the
sequence.

As for the derivation of the explicit form of the spectral tail process in (1) and (2), we
restrict ourselves to derive the distribution of the spectral tail process (0}’);>o in part
(2); part (1) is similar.

If 42" denotes the vague limit measure of (04,005,051 0i,;n0jn)" the multivariate
Breiman lemma yields the vague limit measure /if” of (X;0Xj0,...,XinX;,) given
by

XUB) = B |ul” (ximo(Be/(ZiZyn))
M c M t=0\"t it gt

E|zo [ «n B Z;' Z (4.34)
= cE|a | xi= : : :
t=0 H(u,v)é/\fd,n e77u,u(1/11—u,,t—u+w_7—u,f,—u)

for any ;X" -continuity Borel set B = x?_B; € [—00,00]" "1\ {0} bounded away from 0,
A; jn is equal to Ay j¢ as defined in (4.30) withi= (4,...,4),j=(4,-.-,4),t = (0,...,n),
and /lg” is the limit measure of the regularly varying vector

H enu,v (wi—u,tfv+wj,u,t7,v)) 7 (4.35)
(u,v)EA; jn t=0,...,n
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see the proof of Proposition 4.12. The distribution of the tail process of (X;;X;;) (cf.
Section 4.2.3) is then determined by

P((X3tXj¢/2)i=0,....n € B, | X0 Xj0l/z > 1)

P((YO)i=0,..n. € B) = Ili_)n;é BN X0l > 1) (4.36)
g (BN ([=00, 00]\[-1,1] x [~00,00]"))
M%U ([—OO, ]\[_ ’ ] [—OO, Oo]n) .

The concrete forms of ﬂgij hence of ufij now depend on whether (4.26) or (4.27) holds.

We first assume (4.26). Note that A; ;, = U? OAE ]), where AE? = {(u,v) : Yi—y1—0 +
Yj—ut—v = P9 }. Indeed, we easily see that Ai’j = AZ(»’J») +(0,t),t =1,...,n. We apply
Proposition 4.26(ii) to derive the specific form of the limit measure i~ of (4.35). Each

component of this vector contains |A§?j)| factors with maximal exponent 1% . For the ¢-th
component those are the factors exp(Nu,o (Vieut—v + Vj—ut—v)), (u,v) € A(t). Hence

Dot = |A | and P.g = {A +(0,t),t=0,...,n}. By (4.57), the measure i, up to a
constant multlple is given by

fig" (B)

= CZ/ |:< 1/% u,t— U+w] u,t— v:wijV(u,v)eAEZ_))zwL

H enu,u(wiu,thrwju,tv))

(u,v) EAi,j,n\AEf;

_ cg/omPKm )zt

H e"]u,'u(wiu,tv'f‘wju,tu))

(u,v)eAi‘j,n\AEfj

€ B] Vo (d2)

0<t<n

€ B] Ve (dz),

0<t<n

where v, (dxr) = ax~* 'dx. The s-th measure in the sum above is concentrated on the s-
th axis. Therefore the limit measure ,&nlj is concentrated on the axes. By (4.34), this im-
plies that uX X" is concentrated on the axes as well. Therefore uX ? (BN([—00, 00]\[—1, 1]) x
[—00,00]™) = 0 as soon as one B;,1 < i <n,in B = x!" B, is bounded away from 0.
With (4.36) this gives YO = 0 a.s. for t > 1 and therefore O/ =0 a.s. for t > 1. The
law of ©F follows from the univariate Breiman lemma.

Next assume (4.27). By Proposition 4.26(i), the vague limit measure fi¢" is up to a
constant given by

ig” (B)
= Z / ]P’{(l((u, v) € AE?)Z“’U
(uv)e; 0
H e (¢iﬁ,t5+¢ja,tﬁ)17a,ﬁ> c B:| Ve, (dz)
t=0,...,n

(@,0)€A; jn
(@,9)#(u,v)
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For sets B such that BN ({0} x [—o0,00]™) = 0 it suffices thereby to sum only over

u,v) € A( ) instead over all u,v) € Njjn = UL A(t)-. For these sets we have by
2] 7, ,J
Breiman’s lemma (cf. (4.34)),

1X"(B)/e
- /P{(l((u,v)eAEf})zW

(u,v)EAE?} 0

H e (Yi—at—s+Yj—at—s)Na,s Zitht)t=O,..4,n c Bil I/a(dz)
(@,0)7#(u,v)

o

- v P((l«u 0) €AY X, X 0~ nw»:o,...,neB)ua(dz),
(U,U)EAE?].) 0

where we used that if (u,v) € Agtj), then

H e Wi—at—ot¥j—a—s)na,o — 9itTjt _ _TitTjt
e (Vi t—oFY5—ut—v) N, v e Yy
(@,9)#(u,v)
Fubini’s Theorem and a substitution finally simplify this expression to

3 E[/OOO1<(1(( v) € A Xy Xjpe w”uv)tzo nGB)ua(dz)]

(u,v)EAE?} .....

_ ¥ E[/OOOl((l(( ) MRt ,n€B>

(u,v)GAE?}

| XioXjo|*/¥" e =My (dy)]

WJ

Note that the range of the inner integral in the last expression can be changed from
(0,00) to (1,00), if BN [—1,1] X [—00, 00]™ = (). Therefore, by writing

BOZBO\[_lal]a Bt:Bt7 tZ 17 B: X;L:()Bt?
we get from (4.36) that
P((YO} )i=o,...n € B)

_ i (B)
= (oL 1) o0, o9l
> E[ﬁ”lB (s Ly (u0)), XXl ey (d)

(0)
(u,v) €A

> E[| XX o|*/¥ e mu]
(u,'U)EAE?;

Xit X
, E {IB (yﬁlmf) (u,v)) | Xio X jo|*/ J}
1,7 n

t=0,...,
E [|XioXjol/"] 7

(u,v) GAE?; |Ai’j |
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where Y is a Pareto(a/v%) random variable, independent of all other random variables

in the expression. For the last equation, we expanded both numerator and denominator
by multiplying with E(e*™*), noting that for (u,v) € Ag?j)
is independent both of the indicator function and of |Xi0Xj0|°‘/wije*a’7uvv. From the law
of the tail process (YO!) we can now see that the law of the spectral tail process (0%)
satisfies (4.33). ]

the random variable e®"«.v

4.4.2 Infinite variance stable limit theory for the stochastic
volatility model and its product processes

In the following result we provide central limit theory with infinite variance stable limits
for the sums S;j; see (4.4).

Theorem 4.16. We consider the stochastic volatility model (4.2) and assume the spe-
cial form of (o) given in (4.8) with ¢ = 1. For given (i,j), define a sequence (by,)
nP(|X;0X 0| > bn) = 1 as n — co. Assume the following conditions:

1. The conditions of Proposition 4.1/ hold, ensuring that E[|_Z\a/¢”+5] < 0o for some
e >0 and (X3 X;,) s reqularly varying with index a/Y™ and spectral tail process
(©3)-

2. (ou0jt) is a-mizing with rate function (ap) and there exists 6 > 0 such that o, =
o(n=?).

3. Fither

(i) /v <1, or

(i) i # j, o/ € [1,2) and Z is symmetric, or

(iii) i = j, a/v" = /2 € (1,2) and the mizing rate in (2) satisfies sup,, n Y ;2 ap <
oo for some integer sequence (ry,) nry, /b2 — 0 as n — .

Then

n

bil(Sl" - Cn) g gij,a/wij 5 (437)
where &;j o /pis s a totally skewed to the right a/y" -stable random variable and

[ nE[X? i=jand a € (2,4),
=910 i#jora/ii <1,

Remark 4.17. 1. If () decays at an exponential rate one can choose r, = C'logn
for a sufficiently large constant C. Then sup, n >,;°  ap < oo and nry, /by, — 0
hold. These conditions are also satisfied if a;, < en™ (47 for some v > 0, 7, = Cnt
for some € >0 and 1/y < & < 24% Ja — 1.

2. The sequence (X;+X¢) inherits a-mixing from (0;:0,¢); see Remark 4.5.

3. It is possible to prove joint convergence for 1 < 4,5 < p in (4.37). Due to different
tail behavior for distinct (7,7) the normalizing sequences (b,) = (b¥) typically
increase to infinity at different rates. Then it is only of interest to consider the
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joint convergence of those S;; whose summands X;; X;; have the same tail index
a/vy%. More precisely, it suffices to consider those Si; with the property that
Xt Xt is tail-equivalent to X2. The joint convergence follows in a similar way as
in the proof below, by observing that Theorem 4.22 is a multivariate limit result.
The joint limit of S;; in (4.37) with equivalent tails of index & (say) is jointly
a-stable with possible dependencies in the limit vector.

4. The strongest normalization is needed for S; = .5;;. Recall that the summands Xi2t
of S; are regularly varying with index /2, i.e., 9% = 2. Let (a,) be nP(|X]| >
a,) — 1. Under the conditions of Theorem 4.16, we have that a,,2(S;—c,,) 4 ira/2s
i =1,...,p for a jointly a/2-stable limit. If a/2 < /1% for some i # j, then
bn/a? — 0, hence a,;%S;; B0 Ttis possible that X;; X is regularly varying with
index a/2 but nevertheless b,, /a2 — 0; see Example 4.18 which deals with the case
Ele “"] = oo.

Proof. We apply Theorem 4.22 to the sequence (X;;X,;), cf. also Remark 4.23.

(1) The regular variation condition on (X;+X ;) with index a/9¥ is satisfied by assump-
tion. Moreover, ©; = 0 for sufficiently large h; see Remark 4.15.

(2) The assumption about the mixing coefficients in condition (2) implies that for a suffi-
ciently small € € (0,1) and m,, = n'~¢ there exists an integer sequence l,, = o(m,,) such
that knaq, — 0. For this choice of m,, and [, the proof of the mixing condition for the
sums of the truncated variables

ﬁij = ZXitht]-OXitht‘ > Ebn)

t=1
is now analogous to the proof of the corresponding property in Theorem 4.3.

(3) We want to show that

Mn

lim limsupn Z P(1 Xt Xje| > by, [ XioXjo| > bn) =0 (4.38)

=0
n— o0 —

1—¢

for m, =n as above. Write

Oit0jt = H exp((d}i—m,t—n + 1/’j—m,t—n)nm,n)

(m;n)

and set Acy = {(m,n) : Yicmit—n + Vj_mi—n > 8 WYe}, t € Z. Without loss of
generality we assume that [ is so large that A. : N A; ¢ is empty for all ¢ > [. Then write
for t > 1,

Tit0jt = Oit,jt,Ac ¢ * Oit,jt,Ac o * Tit,jt,AS o> 090040 = Ti0,50,Ac o * 0i0,50,Ac ¢ * 040,50,AC >

where

Oity,jt1,Aec g — H eXp((wi—mil—n + ¢j—m,t1—n)nm,n)'
(myn)EAz,tZ
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We conclude that (0t jt,A. , Tt jt,A. o5 Ti0,j0,Ac 05 Ti0,j0,A.,) AN (Tt ¢, Ac

0.07710,50,A¢ )
are independent. We have

e,0,t
P(| X3 Xje| > bn, | Xio X 0| > bn)
< P(max(|Zi0Zj0|, | Zi+ Zt|) max (ot je,ne

E,O,t,

740,50,A¢ M)

Min(0i0,j0,A..00i0,j0,Ax . » Tit,jt,Ac 1 Oit,jt.Auo) > On) -

The distribution of max (o j¢, AS > Ti0,50,AC t) is stochastically dominated uniformly for
t > [ by a distribution which has moment of order 8a/(1)*¢) > 2a/1)". Furthermore,

min (o, jo,A. ,7i0,j0,Ac . s Tit,jt, A o Tit,jt, Az o)

< min( I em(@immen + Gimmn) 0n) ),

(mvn)EAs,OUAs,t

[T e(@imen+men)mn)s))

(m7”) EAE,DUAE,t

< min( I ewo@0ma)e) [T e e,

(m,n)€Ac 0 (m/,n')EA ¢

[I @ mma)) TI  expE 6emn)4))

(m’,n")eA. ¢ (m,n)EAc o

< min( J] (@7 48700 mma)s), [] exp((@7 + 8702 (mn)4) ).

(m’n)EAE,O (mvn)eAs,t
The right-hand side is regularly varying with index 2a/(1)% (1 4+ 8 1¢)). A stochastic

domination argument and an application of Breiman’s lemma show that uniformly for
[<t<my,,

mnnP(\Xithtl > by, | X0 X 0| > bn) — 2, (b;m/(wu(wrle))) _ n27ao(n*2/(1+2*15>) =o(1)
which yields (4.38).
(4) We check the vanishing small values condition. For any fixed §, we write
XX = XuXp1(|XuXj < 6by), i#£7,
X5 = XR1(Xj < 0by) —E[XZ1(XF < db)],

t=1

Assume a/y¥ € [1,2), i # j. Then, by symmetry of the random variables Z;; and

Karamata’s theorem for any v > 0 as n — oo, E[S;;] = 0 and

P(ISi;| > vbn) < (ybn) *var(Si;)
= n(ybn) E[(XieXj1)?]
772 52704 ’

and the right-hand side converges to zero as § | 0.
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For i = j and a/¢" > 1 we need a different argument. We have by Cebyshev’s
inequality,

P(|Si] > 7 bn)

IN

772b;2var(§¢)
= 772 (n/2) Y (1 h/n)cov(X3, X3,) .

|h|<n

For || < hg for any fixed ho, (n/b2)|cov(XZ2), X2 )| vanishes by letting first n — oo and
then 6 | 0. This follows by Karamata’s theorem. Standard bounds for the covariance
function of an a-mixing sequence (see Doukhan [49], p. 3) yield

(n/62) > leov(X2,X2)| < c6n > an,
Tvz§|h|<n Tvz§|h|<7l

where 7, — 00 is chosen sup, n Y-, <00 @n < 00 and nry, /b2 — 0. The right-hand
side converges to zero by first letting n — oo and then ¢ | 0. It remains to show that

I, = (n/b?) Z (1—"h/n) cov(Xifo,Xifh)
ho<|h|<rs
is asymptotically negligible. We have

o] < (n/87) Y EIXHXHLXG < 6ba, Xj, < 6by)] + e /b,

h0<|h|§7‘n

< (n/¥) Y. EX{XR]+o(1),
ho<|hl<rs

where we used that nr,/b2 — 0. We will show that the summands on the right-hand
side are uniformly bounded by a constant if hq is sufficiently large. Then lim,, o, I,, = 0.
We observe that by Hoélder’s inequality,

]E[Xfo XiQh] = CE[UiQO U?h]

2 Yt (Mimke,—1+Ni—k,h—1) 2 Vit (Mi— ke, —1+Mi—k,h—1)
cE[e Z(k,z)erE e Z(k,[)gl"g ]

(E [e 2r Z(k,l)ng T/’kl(ﬂi—k,—l‘f"’?i—k,h,—l)} )1/7"

IA

C

)

(E [e 2s Z(k,l)ezl“g wkl('ﬂi—k,—ri‘ni—k,hfl)] ) 1/s

where I'e = {(k, 1) : 1, > £} for some positive &, s,¢1/r+1/s = 1. Since o2 has moments
up to order a/y" € (1,2) and (i—k,—1) (k,nere and (Ni—x,n—1)(k1)er, are independent for

. 2 i—k,— i—k,h—
sufficiently large h we can choose r > 1 close to one E [e TZUW)EFE Vit (it~ F 04—k 1)

is finite. This implies that we choose s sufficiently large. On the other hand, for fixed s

we can make ¢ so small that E e 252 S kere wkl(m*kﬁl*_m*k’h*l)] is finite and uniformly

bounded for sufficiently large h. Fine tuning £ and s, we may conclude that lim,,_,, I,, =
0 as desired.

By Theorem 4.22 and Remark 4.23 the result now follows; see also the end of the
proof of Theorem 4.3 for the form of the resulting limit law. O
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Example 4.18. We assume that E[e ®"] = oo, hence e?" does not have a finite o /2-th
moment. Using Lemma 4.24(5), calculation shows that for i # j with " = 2,

i ]P)(|X10 on‘ > ZL’)
im

z—o0  P(X2 > 1)
Define (a,) nP(|X]| > an) = 1. We may conclude from (4.39) and Theorem /.16 that
for i # j we have a,;2S;; Lo although both X0 X;o and X? are regularly varying with

index a/2.
By Theorem 4.16 and Remark 4.17 we conclude that

_ d
anQ(Si —Cn)i=1,.p — (§iay2)i=1,.p > (4.40)

where the limit vector consists of a/2-stable components. The spectral tail process (@p)p>1
of the sequence Xy = (X14y...,Xpt) s t =1,2,..., vanishes. This follows by an argument
similar to the proofs of Propositions 4.14 and 4.26 under condition (4.26). A similar
argument also yields that

. P(|X10| >.T,|Xj0| >J’J)
1
o+ P(|X| > )

=0 (4.39)

=0, i#j.

Therefore the the distribution of ®g is concentrated on the axes and has the same form
as (9(()2) in (4.17). As in the proof of Theorem 4.3 this implies that the limit random
vector in (4.40) has iid components.

We conclude that the limit theory for S;;, 1 <1i,7 < p, are very essentially the same
in Case (1) and in Case (2) when the additional condition Ele ®] = oo holds.

Example 4.19. Assume that (4.27) holds. We may conclude from Theorem /.16 that

an?S;; Lo for i # j if ¥ < 2. The crucial difference to the previous case appears
when ¥ = 2 for some i # j. In this case, not only the (a;%(S; —cn)), i = 1,2,...,
have totally skewed to the right a/2-stable limits but we also have a,?S;; 4 §ijoay2 for
non-degenerate a/2-stable &;; o /2. From (4.28) we conclude that if " = 2 appears then
P =2 for all |i" —j'| = |i — j|. This means that non-degenerate limits may appear not
only on the diagonal of the matriz a,,%(S;; — cn) but also along full sub-diagonals.

In this case, the distribution of ®¢ from the spectral tail process of the sequence
X, = (Xit, ..., Xp)" does not have to be concentrated on the azes—in contrast to Exam-
ple 4.18. This implies that the limiting o /2-stable random variables &; /2,1 = 1,...,p,
are in general not independent. However, similar to the arguments at the end of the
proof of Theorem 4.3, one can show that the distribution of the limiting random wvec-
tor (§5,a/2)i=1,....p s the convolution of distributions of a/2-stable random vectors which
concentrate on hyperplanes of RP of dimension less or equal than |{(m,n) : ¥mn = 1}|.

4.4.3 The eigenvalues of the sample covariance matrix of a
multivariate stochastic volatility model

In this section we provide some results for the eigenvalues of the sample covariance matrix
X"™(X™)" under the conditions of Theorem 4.16. We introduce the sets

T, = {(i,j) : 1 <4,j < psuch that " = 2}, L ={(i,4) : 1 <i,j <pH\Ip

and let (a,) be nP(|X| > a,) — 1.
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Theorem 4.20. Assume that the conditions of Theorem 4.16 hold for (X, Xji), 1 <
1,7 <p, and o € (0,4). Then

a;2||X”(X”)’—)~(”HQE>O, n — 0o,

where X" is a p X p matriz with entries
Xij=>_ XuXpl((i,j)€T,), 1<ij<p.
t=1
Moreover, if Ele ®"] = oo we also have
a, ?||[X™(X") — diag(X™(X")") |, 5o, n— 0o.

Proof. We have

a XX =X < >0 (a,7Si;)"

(i,9)€rg

For (i,j) € I'; we have i # j and the sequence (X;;Xj;) is regularly varying with
index /9% > /2. In view of Theorem 4.16 the right-hand side converges to zero in
probability.

In the case when Efe 7] = oo we learned in Example 4.18 that a,,%S;; % 0 whenever
i # j. This concludes the proof. O

For any p x p non-negative definite matrix A write \;(A), i =1,...,p, for its eigen-
values and A(1)(A) > -+ > Ay(A) for their ordered values. For the eigenvalues of
X™(X™)" we keep the previous notation (A;),

Corollary 4.21. Assume the conditions of Theorem /.20 and o € (0,4)\{2}. Then

ap® max [\ = Ao (X")] 0. (4.41)
and

a7’ (A(Z—) ~nE[X2L(a e (2, 4))) (4.42)

i=1,...,p
.t (A(i)((sz,a/zl((kal) € Fp))lgk,lgp))

where (&ij,a/2)(i,j)er, are jointly a/2-stable (possibly degenerate for i # j) random vari-
ables. Moreover, in the case when Ele ®] = oo we have

. )
i=1,...,p

a2 (Ao — nEIX?1(a € (2,4))) S (Ewar)imr. (4.43)

i=1,...,p

where (§;,a/2)i=1,....p are iid totally skewed to the right a/2-stable random variables with
order statistics £(1),a/2 2> *+* = &(p),a/2-

Proof. Relation (4.41) is an immediate consequence of Theorem 4.20 and Weyl’s inequal-
ity; see Bhatia [20]. We conclude from Theorem 4.16 and Remark 4.17(3) that
a,?(Sij —nE[X?]1(a € (2,4)))

n

d
(4,5)€Ty - (€ij7a/2)(i7j)el"p . (444)

Then (4.42) follows. Relation (4.43) is a special case of (4.42). If E[e®7] = oo then,
in view of Example 4.18, only the diagonal elements in (4.44) have non-degenerate iid
a/2-stable limits. O
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Some conclusions

By virtue of this corollary and in view of Section 4.3.3 the results for the eigenvalues
in Case (1) and in Case (2) when E[e *?] = oo are very much the same. Moreover, the
results in Section 4.3.4 remain valid in the latter case.

If (4.27) holds, Case (2) is quite different from Case (1); see Example 4.19. In this
case not only the diagonal of the matrix X™(X"™)" determines the asymptotic behavior of
its eigenvalues and eigenvectors. Indeed, if 1% = 2 for some i # j, then at least two sub-
diagonals of X™(X™)’ have non-degenerate «/2-limits and these sub-diagonals together
with the diagonal determine the asymptotic behavior of the eigenspectrum. The limiting
diagonal elements are dependent in contrast to Case (1). This fact and the presence
of sub-diagonals are challenges if one wants to calculate the limit distributions of the
eigenvalues and eigenvectors.

4.5 Simulations and data example

In this section we illustrate the behavior of sample covariance matrices for moderate
sample sizes for the models discussed in Sections 4.3 and 4.4 and we compare them
with a real-life data example. These data consist of 1567 daily log-returns of foreign
exchange (FX) rates from 18 currencies against the Swedish Kroner (SEK) from January
4th 2010 to April 1st 2016, as made available by the Swedish National Bank. To start
with, the Hill estimators of the tail indices a;;,1 < 1,7, < 18, of the cross products
X Xji,1 < 4,7, < 18, are visualized in Figure 4.1.

usb 1@ ® @ oo eeeo0o0e0

S0 1000 00000000000000

SA100e ee6ccece000 In particular, the Hill estimators on
ND 1000000000000 000 . i

NOK 1@ ®® @ eeo000o0e ,b  thediagonal (corresponding to the se-
MXN ° eoo ries X2,1 < i < 18) of the values
KRV 1000000000000 9 wh s the tail ind ¢
. 000000000068 «;/2, where «; is the tail index o
HF- @0 ®0 ° the ith currency, are of similar size
HKD 1@ © @ XXX 2p

although not identical. Even if all se-
ries had the same tail index the Hill
estimator exhibits high statistical un-
certainty which even increases for se-
rially dependent data, cf. Drees [50].

GBP —
EUR —
DKK o
CZK 4
CNY —
CHF
CAD —
AUD —

Figure 4.1: Estimated tail indices of cross products for the FX rates of 18 currencies
against SEK. The indices are derived by Hill estimators with threshold equal to the
97%-quantile of n = 1567 observations.

A way to make the data more homogeneous in their tails is to rank-transform their
marginals to the same distribution. We do, however, refrain from such a transformation
to keep the correlation structure of the original data unchanged.
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It is clearly visible that some off-diagonal components of the matrix have an estimated
tail index which is comparable to the on-diagonal elements. This implies that the tails
of the corresponding off-diagonal entries S;;,7 # j, of the sample covariance matrix may
be of a similar magnitude as the on-diagonal entries S;. This is in stark contrast to the
asymptotic behavior of the models analyzed in Section 4.3.

FX and ARCH(1) spectrum

Es$values/sum(E$values)

05

0.4

0.3

0.2

0.1

0.0

o

- cov

o cov(FX)
4 cov(inno,
sim.,

Lp

1
0.15 0.20 0.25 0.30
L L L L

0.10
L

0.05
L

AUD -
CAD -
CHF —
CNY -
CZK
DKK —
EUR -
GBP
HKD —
HUF — ©
JPY
KRW —
MXN
NOK —
NZD —
SAR -
SGD
USD -

Figure 4.2: Normalized and ordered eigenvalues (left) and eigenvector corresponding to
largest eigenvalue (right) of real and simulated data, with n = 1567,p = 18. Based on
FX rate data of 18 foreign currencies against SEK.
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Figure 4.3: Based on a stochastic volatility model with heavy-tailed innovation sequence.

Figure 4.2 shows the ordered eigenvalues of the sample covariance matrix (normal-
ized by its trace) and the eigenvector of the FX rate data corresponding to the largest
eigenvalue. There exists a notable spectral gap between the largest and second largest
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0.6
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Figure 4.4: Based on a stochastic volatility model with heavy-tailed volatility sequence
that satisfies assumptions of Example 4.18
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Figure 4.5: Based on a stochastic volatility model with heavy-tailed volatility sequence
that satisfies assumptions of Example 4.19

eigenvalues and the unit eigenvector corresponding to the largest eigenvector has all pos-
itive and non-vanishing components. For comparison and to illustrate the variety of
the models discussed above we also plot corresponding realizations of three model spec-
ifications from Sections 4.3 and 4.4. In all cases we choose p = 18 and n = 1567 in
accordance with the data example. We assume throughout a moving average structure
in the log-volatility process logg;; in (4.2). More specifically,

18
ot =exp(d_mi—ky), 1<i<18, teZ (4.45)
k=1
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In accordance with the model properties discussed in Section 4.3, we first assume iid
standard Gaussian 7;; and iid Z;; with a Student-t distribution with ¢t = 3 degrees of
freedom. Figure 4.3 shows the normalized eigenvalues and the first unit eigenvector from
a realization of this model. We notice a relatively large gap between the first and second
eigenvalue and, in accordance with Section 4.3.4.4, we see that the first unit eigenvector
is relatively close to a unit basis vector. Figure 4.4 shows the corresponding realizations
for the model (4.45) with a specification according to Example 4.18, i.e., Exponential(3)-
distributed iid 7;; (meaning that P(n;; > x) = exp(—3z),z > 0, which implies o = 3
and E[e37] = co) and iid standard Gaussian Z;;. Compared to the first simulated model,
we see a slower decay in the magnitude of the ordered eigenvalues and a more spread
out first unit eigenvector. This observation illustrates that although the limit behavior
of this model and the one analyzed before should be very similar (cf. Example 4.18),
convergence to the prescribed limit appears slower for the heavy-tailed volatility sequence
than for the heavy-tailed innovations. Finally, Figure 4.5 shows a simulation drawn from
(4.45) where the m;; are iid such that P(n;; > z) ~ 7 2exp(—3z),z — oo, and the
Z; are iid standard Gaussian. Again, @ = 3, but direct calculations show that the
distribution of 7; ; is convolution equivalent, i.e., it satisfies (4.27) instead of (4.26). The
graphs are in line with the analysis in Example 4.19 and illustrate a very spread out
dominant eigenvector. We note that while none of the three very simple models analyzed
in the simulations above is able to fully describe the behavior of the analyzed data, the
two models with heavy-tailed volatility and light-tailed innovations are able to explain
a non-concentrated first unit eigenvector of the sample covariance matrix and therefore
non-negligible dependence between components as seen in the data.

Acknowledgements

Thomas Mikosch’s and Xiaolei Xie’s research is partly supported by the Danish Re-
search Council Grant DFF-4002-00435 “Large random matrices with heavy tails and
dependence”. Parts of the paper were written when Mohsen Rezapour visited the De-
partment of Mathematics at the University of Copenhagen December 2015—-January 2016.
He would like to thank the Department of Mathematics for hospitality.

4.6 Some a-stable limit theory

In this paper, we make frequently use of Theorem 4.3 in Mikosch and Wintenberger [90]
which we quote for convenience:

Theorem 4.22. Let (Y;) be an RP-valued strictly stationary sequence, S, = Y1+ -+
Y, and (a,) be nP(||Y] > a,) — 1. Also write for e > 0, Y, = Y, 1(||Y:] < ean),

Xt :Yt —Yt and

l l
§l,n = Z?t §Z,7L = ZXt .
t=1 t=1

Assume the following conditions:

1. (Yy) is regularly varying with index o € (0,2) \ {1} and spectral tail process (©;).
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2. A mizing condition holds: there exists an integer sequence my, — 00 ky, = [n/my] —
oo and

! p/ kn
Ee 'S/t — (Be™Smun/® )™ 50, nooo, tER'.  (446)

3. An anti-clustering condition holds:

lim lim suplp(t_]lmax Y]] > San | | Yol > dan) =0, §>0  (447)

=00 p—oo by
for the same sequence (my,) as in (2).

4. If a € (1,2), in addition E[Y] = 0 and the vanishing small values condition holds:

lifnlimsupIP(aT_Llﬂgn —E[S,]| > 0) =0, §>0 (4.48)

0 n—

and Y, E[[|@;]] < oo.

Then a;'S, 4 &q for an a-stable RP-valued vector &, with log characteristic function

/ Efe'?¥ 20500 V000 v (@] d(—y®),  teRP. (4.49)
0

Remark 4.23. If we additionally assume that Y is symmetric, which implies E[Y] = 0,
then the statement of the theorem also holds for a = 1.

4.7 (Joint) Tail behavior for products of regularly varying
random variables

In this paper, we make frequently use of the tail behavior of products of non-negative
independent random variables X and Y. In particular, we are interested in conditions
for the existence of the limit

. P(XY >x)
A PX s 4 (4.50)

for some ¢ € [0, 00]. We quote some of these results for convenience.
Lemma 4.24. Let X and Y be independent random variables.

1. If X and Y are regularly varying with index o > 0 then XY is regularly varying
with the same index.

2. If X is regularly varying with index o > 0 and E[Y*T¢] < oo for some € > 0 then
(4.50) holds with ¢ = E[Y?].

3. If X and Y are iid reqularly varying with index o > 0 and E[Y'*] < oo, then (4.50)
holds with ¢ = 2E[|Y'|*] iff

L P(XY >z, M <Y <x/M)
lim lim sup

=0. 4.51
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4. If X andY are reqularly varying with index o > 0, E[Y*+ X ] < o0, limg 0o P(Y >
x)/P(X > x) =0 and (4.51) holds, then (4.50) holds with ¢ = E[|Y|*].

5. Assume that E[|Y|*] = co. Then (4.50) holds with ¢ = co.

Proof. (1) This is proved in Embrechts and Goldie [57].

(2) This is Breiman’s [27] result.

(3) This is Proposition 3.1 in Davis and Resnick [46].

(4) This part is proved similarly to (3); we borrow the ideas from [46]. For M > 0 we
have the following decomposition

PXY >2) _ P(XY >z, Y <M) PXY >z M<Y<az/M) PXY>zY >z/M)
PX >2) PX >2) | P(X > 2) * P(X > 2)

~ Eye1y < My + 2EY >;(¥><;)/ =e/M) | gix A M)al—ﬁg( i z;

— By < M)+ P&V >;(;\(4><;; s2/M) o).

Here we applied Breiman’s result twice. The second term vanishes by virtue of (4.51).
Thus ¢ = E[Y?].
(5) The same argument as for (4) yields as x — oo,

P(XY >a) _ BXY>2Y <M)

~E[Ye1(Y < M)].

P(X >z) — P(X > x)
Then (4.50) with ¢ = oo is immediate. O
Lemma 4.25. Let Y1,...,Y, > 0 be iid regularly varying random variables with index
a > 0. Assume that B(Y: .Y )
- >t
lim 2+ "2~ % _ 0,00). 4.52
i s g - c€ 0o (4.52)
Then for any a1, ...,ap > 0 such that amax = maxj—1,. pa; >0 and any v > 0 we have
P, Y, > vt) P(II7, Yi" > v, Vi > st)
i i=1 1 _ lim 1 v v J 4.53
tig{.lc ]P)(Ylamax > t) ]aza SIE)I%) ti}rﬁlo ]P)(Ylamax > t) ( )
‘@5 =0max
and
P(ITP_, Y% > vt, max;—; ., Y™ < st
lim lim sup Il v I=lp ) o, (4.54)

S50 oo P(Y{™ > t)

Proof. In view of Davis and Resnick [47] the only possible value for ¢ in (4.52) is 2E[Y}]
(which implies that E[Y}*] < o). Furthermore, we note that the product []; 7

1a;=max "~ J
is regularly varying with index —a/amax; see Embrechts and Goldie [57], Corollary on
p. 245. By Breiman’s lemma this implies that

P(TTP ., Y*
hm ( z:; [ > ’Ut)
oo P(Y{™ex > )
P(Y™= > ot) P(TTV_, Y% > vt)
oo P(Y™x > 1) P(Y™™ > ut)

= v—a/amax( [ E ““‘“]) i DU L0, =anme Y57 > V)
- 4 J {00 P(Y"™x > ut) '
Jiaj#amax
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By Lemma 2.5 in Embrechts and Goldie [56] (cf. also Chover, Ney and Wainger [32]) this
equals

vfa/amaz( H E{yjaaj/amax]) {7 aj = amax}| ]E[yla]l{j:aj:amax}\*l.
Jia;Famax
On the other hand, we have
P(IT}_, Y;" > ot, Y™ > st)
Z lim lim — =
s—0t—00 ]P(Yl max: > t)

Jiaj =amax

]P)(Y;lmax min(s’l, U71 Hk;ﬁ ) Ykak) > t)

= Z lim lim - J

i s—0t—o00 Ip)(y] max -, t)
= 1 i -1 -1 A O‘/amax
= Y lmEfmin(s o T] ve)esen]

J:0j=amax k#j
= U_O‘/amax Z H E[Ykaak/amax}

Jia—amax k£

= oo (] B )G 0 = e[ E[Y] Ve

JiajFamax

where we applied Breiman’s lemma in the second step to the bounded random variable
min(s~!, v ], 7é‘Y,f’“), and the monotone convergence theorem in the penultimate
step. This proves (74.53). To prove (4.54) note that for s > 0,

P(IT}_, Y;" > vt)
P(Ylamax > t)
P(IT_, Y > vt,max;j—1, Yja’“‘""‘ < st)
]P)(Ylamax > t)
P(IT—, V" > ot, Y™ > st)

fL P > 1)

7@ =0max

>

_IP( T Y > ot Y > st Y > st for some ji # ja)
P(Ylamax > t)

, §>0.

The last summand on the right-hand side converges to 0 as t — oo by independence
of the Yj' s. Moreover, the left-hand term and the second term on the right-hand side
become equal by first ¢ — oo and then s — 0, in view of (4.53). Therefore the first
right-hand term vanishes by first ¢ — oo and then s — 0. This proves the statement. [J

Proposition 4.26. Let Y1,...,Y, > 0 be iid regularly varying with index o and (a;;) €
[0,00)"*P n,p > 1, be such that maxi<;<n Gik = Amax := Max; j a;; > 0 for any 1 < k <
p.

(i) Assume that (4.52) holds. Then the random vector

P
Y = ( H Yjaij)1gign (4.55)
j=1



4.7. (JOINT) TAIL BEHAVIOR FOR PRODUCTS OF REGULARLY VARYING
RANDOM VARIABLES 103

is reqularly varying with indexr «/amax. Furthermore, up to a constant the limit
measure i of Y is given by Z§:1 Wi, where for any Borel set B € [0, 00]" bounded
away from 0 and v, (dz) = az=*"ldz,

ni(B) = /0 h P((l(aij = Gmax) 2™ [ | Y’“aik)lggn € B> Vo (dz).(4.56)

k#j
(ii) Assume that E[Y*] = co. Set
Pepr = mzaxl{lfjfpazg :amax}|a
Py = {AcC{l,....,p}:|A|=peg A Fi: VjEA:a;j = amax}-

Then the random vector Y in (4.55) is reqularly varying with index «/amax. Fur-
thermore, up to a constant the limit measure p of Y is equal to ) 4 p ﬁuA, where
e

for any Borel set B € [0,00]™ bounded away from 0,

oo
pa(B) = / P((l(aij = Gmax Vj € A)z%max H Yk”'ik)
0

k¢A

c B) va(dz). (4.57)
1<i<n

Proof. (i) Let B € [0, 00]™ be a Borel set bounded away from 0. For s > 0 we have

P(Y € tB) P(Y € tB,maxj=1, ., Y™ < st) N 21’: P(Y € tB, Y™ > st)

PY™ > 1) P(Y{ ™ > 1) P(Y{ ™ > 1)

j=1
P(Y € tB, Y™ > st, Y™ > st, for some j1 # j2)

_ . 4.58
]P)(}/lamax > t) ( )

Since B is bounded away from 0, there exists v > 0 and 1 < i < n such that B C
{(z1,...,2,) € [0,00]™ : &; > v}. From Lemma 4.25, (4.54) the first summand in (4.58)
therefore tends to 0 by first £ — oo and then s — 0. Furthermore, the third summand
converges to zero as t — oo by independence of the Yj’ s. We are thus left to show

b P(Y € tB, Y™ > st) BY. 1<i<
e T AR

with p1; as in (4.56). For s > 0 write
_ P(Y € 1B, Y™ > st)
lim ——
e T Py S D)
= 57/ lim P(Y € tB | Y™ > st)
t— oo

ai
Y 2max \ @max  ayj; Tij )
= g /amax jip P J §@max { @max I | Y,k € B | Y/ max > st
t—00 st - J
k#j 1<i<n

oo
= sf”‘/a“"‘“‘/ P <1(ai]~ = amax)syHYka““> € B | Va/amax (dY).
! 1<i<n

ki
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Substituting sy by z in the integral finally gives

.. P(Y etB Y™ > st)
lim lim =
5\ t—00 P(Y "™ > )

o0
— / P 1(a;j = amax)2*™> H Yl € B | vo(dz).
0 k#j 1<i<
<i<n

(ii) Note first that under our assumptions for any 1 < n; < ng < p,

Y >t o P Y >t
lim M —  lim (H /Y) pHJ nyt1 ](dy)
t=oo P([[}L,Y; > 1) oo Jo o P(IL, Y > 1)
> E| J] v = (4.59)
j=ni+1

by Fatou’s lemma and the regular variation of H;il Y;. Write now

P p
Y = 3 [[Y e+ > H:%J (4.60)
1<i<n j=1 1<i<n =1

{i:aij=0max } |=DPefr ‘{j:aij:amax}|<peff

where e; stands for the i-th unit vector. The first sum can also be written as

Z diag((1(aij = amax Vj € A) H Y™ )1<i<n) H Y = Z Y4, (4.61)

A€Pug k¢ A jeA A€Pug

where for each summand the random matrix and the random factor are independent
and for the non-zero entries of the matrix we have a;r < amax since k ¢ A. Thus, by
the multivariate version of Breiman’s lemma each Y4 is a multivariate regularly varying
vector with limit measure g4 (up to a constant multiplier) as in (4.57) and normalizing
function P([TeT Y% > ). Furthermore, for A, A’ € Py with A # A’ and i,i’ such
that a;; = amax Vj € A and ayj; = amax Vj € A’ we have

P(YA > 2, Y4 >2)
P(HPEH Yamax > l‘)

P((ITjeanar Y5) 0 Hje(AmA’)c Yjaij >z, ([Lieanar ¥5) ™ Hje(AnA/)u Y; > )
BT Y™ > ) |

(4.62)

By JanBen and Drees [78], Theorem 4.2 (in connection with Remark 4.3 (ii) and the minor
change that our random variables are regularly varying with index « instead of 1), the
numerator behaves asymptotically like P(([[;c 4n4/ Y5)*> > ), since ro = aml k=
0,7 € (AN A’)¢ is the unique non-negative optimal solution to

Ko + Z K,j — min!
i€(ANA/)e

under

K0Omax T E kjai; > 1, KoQmax + E ka2 1.
JjE(ANA")e JE(ANA")e
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This is because min(a;j,a;/j) < amax and max(a;;, aij) < amax for all j € (AN A"
Since A # A’, we have |ANA’| < peg and thus, by (4.59), the expression (4.62) converges
to 0 as x — oo. Therefore, each component of Y4 is asymptotically independent of each
component of Y4" and thus the sum in (4.61) is multivariate regularly varying with limit

measure . Py HA and normalizing function P([T;ef Y,*» > z). Since the second
sum in (4.60) consists by (4.59) only of random vectors for which P(||T[}_, Yja” &l >
x) = P([T}_, Yja” > 2) = o P[] Y*» > x)), we have that Y is regularly varying
with index a/amay and limit measure Y AcPyg HA by Lemma 3.12 in Jessen and Mikosch

[81]. O






Chapter 5

Extreme value analysis for the sample
autocovariance matrices of heavy-tailed

multivariate time series

RicHARD DAvis, JOHANNES HEINY,
THOMAS MIKOSCH & XIAOLEI XIE
Eztremes 19, 3 (2016), 517-547.

Abstract

We provide some asymptotic theory for the largest eigenvalues of a sample co-
variance matrix of a p-dimensional time series where the dimension p = p,, converges
to infinity when the sample size n increases. We give a short overview of the litera-
ture on the topic both in the light- and heavy-tailed cases when the data have finite
(infinite) fourth moment, respectively. Our main focus is on the heavy-tailed case.
In this case, one has a theory for the point process of the normalized eigenvalues
of the sample covariance matrix in the iid case but also when rows and columns
of the data are linearly dependent. We provide limit results for the weak conver-
gence of these point processes to Poisson or cluster Poisson processes. Based on this
convergence we can also derive the limit laws of various functionals of the ordered
eigenvalues such as the joint convergence of a finite number of the largest order
statistics, the joint limit law of the largest eigenvalue and the trace, limit laws for
successive ratios of ordered eigenvalues, etc. We also develop some limit theory for
the singular values of the sample autocovariance matrices and their sums of squares.
The theory is illustrated for simulated data and for the components of the S&P 500
stock index.

keywords: Regular variation, sample covariance matrix, dependent entries, largest
eigenvalues, trace, point process convergence, cluster Poisson limit, infinite variance sta-
ble limit, Fréchet distribution. subject class: Primary 60B20; Secondary 60F05 60F10
60G10 60G55 60G70

5.1 Estimation of the largest eigenvalues

5.1.1 The light-tailed case

One of the exciting new areas of statistics is concerned with analyses of large data
sets. For such data one often studies the dependence structure via covariances and
correlations. In this paper we focus on one aspect: the estimation of the eigenvalues of
the covariance matrix of a multivariate time series when the dimension p of the series
increases with the sample size n. In particular, we are interested in limit theory for the
largest eigenvalues of the sample covariance matrix. This theory is closely related to

107
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topics from classical extreme value theory such as maximum domains of attraction with
the corresponding normalizing and centering constants for maxima; cf. Embrechts et
al. [58], Resnick [96, 97]. Moreover, point process convergence with limiting Poisson and
cluster Poisson processes enters in a natural way when one describes the joint convergence
of the largest eigenvalues of the sample covariance matrix. Large deviation techniques find
applications, linking extreme value theory with random walk theory and point process
convergence. The objective of this paper is to illustrate some of the main developments
in random matrix theory for the particular case of the sample covariance matrix of
multivariate time series with independent or dependent entries. We give special emphasis
to the heavy-tailed case when extreme value theory enters in a rather straightforward
way.

Classical multivariate time series analysis deals with observations which assume values
in a p-dimensional space where p is “relatively small” compared to the sample size n.
With the availability of large data sets p can be “large” relative to n. One of the possible
consequences is that standard asymptotics (such as the central limit theorem) break
down and may even cause misleading results.

The dependence structure in multivariate data is often summarized by the covari-
ance matrix which is typically estimated by its sample analog. For example, principal
component analysis (PCA) extracts principal component vectors corresponding to the
largest eigenvalues of the sample covariance matrix. The magnitudes of these eigenvalues
provide an empirical measure of the importance of these components.

If p,n are fixed, a column of the p x n data matrix

X = X" = (Xit)izl,...,p;tzl,“.,n

represents an observation of a p-dimensional time series model with unknown parameters.
In this section we assume that the real-valued entries X;; are iid, unless mentioned
otherwise, and we write X for a generic element. One challenge is to infer information
about the parameters from the eigenvalues Ai,..., A, of the sample covariance matriz
XX’. In the notation we suppress the dependence of (\;) on n and p. If p and n are
finite and the columns of X are iid and multivariate normal, Muirhead [91] derived a
(rather complicated) formula for the joint distribution of the eigenvalues (\;).

For p fixed and n — oo, assuming X has centered normal entries and a diagonal
covariance matrix X, Anderson [5] derived the joint asymptotic density of (A1,...,A,).
We quote from Johnstone [83]: “The classic paper by Anderson [5] gives the limiting
joint distribution of the roots, but the marginal distribution of the largest eigenvalue is
hard to extract even in the null case” (i.e., when the covariance matrix ¥ is proportional
to the identity matrix).

It turns out that limit theory for the largest eigenvalues becomes “easier” when the
dimension p increases with n. Over the last 15 years there has been increasing interest
in the case when p = p,, — 0o as n — co. In most of the literature (exceptions are El
Karoui [55], Davis et al. [44, 45] and Heiny and Mikosch [68]) one assumes that p and n
grow at the same rate:

% = for some ~ € (0, c0). (5.1)

In random matrix theory, the convergence of the empirical spectral distributions
(F,-1xx/) of a sequence (n~'XX’) of non-negative definite matrices is the principle
object of study. The empirical spectral distribution F),-i1xxs is constructed from the
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eigenvalues via
1
Foaxx(@)==-#{1<j<p:n ')\ <z}, 2€R, n>1l
p

In the literature convergence results for the sequence of empirical spectral distributions
are established under the assumption that p and n grow at the same rate. Suppose that
the iid entries Z;; have mean 0 and variance 1. If (5.1) holds, then, with probability one,
(F,-1xx/) converges to the celebrated Mardenko—Pastur law with absolutely continuous
part given by the density,

L_J(b—x)(x—a), ifa<z<h,

fr(@) = { 2oy (5.2)

0, otherwise,

where a = (1 — /7)? and b = (1 + /7). The Marfenko—Pastur law has a point mass
1 — 1/~ at the origin if v > 1, c¢f. Bai and Silverstein [9, Chapter 3]. The point mass
at zero is intuitively explained by the fact that, with probability 1, min(p,n) eigenvalues
A; are non-zero. When n = (1/v) p and v > 1 one sees that the proportion of non-
zero eigenvalues of the sample covariance matrix is 1/ while the proportion of zero
eigenvalues is 1 — 1/7.

While the finite second moment is the central assumption to obtain the Marc¢enko—
Pastur law as the limiting spectral distribution, the finite fourth moment plays a crucial
role when studying the largest eigenvalues

Ay 2 2 A (5.3)

of XX, where we suppress the dependence on n in the notation.
Assuming (5.1) and iid entries X;; with zero mean, unit variance and finite fourth
moment, Geman [62] showed that

A1) as
%% (1+v7)°, n—o. (5.4)

Johnstone [83] complemented this strong law of large numbers by the corresponding
central limit theorem in the special case of iid standard normal entries:

1/3 9
i L0 o) .

where the limiting random variable has a Tracy—Widom distribution of order 1. Notice

that the centering (1 + \/g)z can in general not be replaced by (1 + \ﬁ)z This dis-
tribution is ubiquitous in random matrix theory. Its distribution function F; is given
by

A =ep{ - [ )+ @ - @)},

where ¢(z) is the unique solution to the Painlevé II differential equation
q"(x) = zq(w) +2¢°(2),

where g(z) ~ Ai(z) as © — oo and Ai(-) is the Airy kernel; see Tracy and Widom [112] for
details. We notice that the rate n?/3 compares favorably to the \/n-rate in the classical
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5. SAMPLE AUTOCOVARIANCE MATRICES

Sample Density function and Tracy-Widom

— sample
—— Tracy-Widom

(a) Standard normal entries

Sample Density function and Tracy-Widom

(b) Entry distribution: P(X = v/3) = P(X = —/3) =
1/6, P(X = 0) = 2/3. Note EX = 0, E[X?] = 1,
E[X3] = 0 and E[X*] = 3, i.e., the first 4 moments of X
match those of the standard normal distribution.

Figure 5.1: Sample density function of the largest eigenvalue compared with the Tracy—
Widom density function. The data matrix X has dimension 200 x 1000. An ensemble of
2000 matrices is simulated.

central limit theorem for sums of iid finite variance random variables. The calculation
of the spectrum is facilitated by the fact that the distribution of the classical Gaus-
sian matrix ensembles is invariant under orthogonal transformations. The corresponding
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computation for non-invariant matrices with non-Gaussian entries is more complicated
and was a major challenge for several years; a first step was made by Johansson [82].
Johnstone’s result was extended to matrices X with iid non-Gaussian entries by Tao and
Vu [108, Theorem 1.16]. Assuming that the first four moments of the entry distribution
match those of the standard normal distribution, they showed (5.5) by employing Lin-
deberg’s replacement method, i.e., the iid non-Gaussian entries are replaced step-by-step
by iid Gaussian ones. This approach is well-known from summation theory for sequences
of iid random variables. Tao and Vu’s result is a consequence of the so-called Four
Moment Theorem, which describes the insensitivity of the eigenvalues with respect to
changes in the distribution of the entries. To some extent (modulo the strong moment
matching conditions) it shows the universality of Johnstone’s limit result (5.5). Later we
will deal with entries with infinite fourth moment. In this case, the weak limit for the
normalized largest eigenvalue A(q) is distinct from the Tracy—Widom distribution: the
classical Fréchet extreme value distribution appears. In Figure 5.1 we illustrate how the
Tracy—Widom approximation works for Gaussian and non-Gaussian entries of X and in
Figure 5.2 we also illustrate that this approach fails when E[X?] = co.

Figure 5.1 compares the sample density function of the properly normalized largest
eigenvalue estimated from 2000 simulated sample covariance matrices XX’ (n = 1000, p =
200) with the Tracy-Widom density. If X has infinite fourth moment and further regu-
larity conditions on the tail hold then the Tracy—Widom limiting law needs to be replaced
by the Fréchet distribution; see Section 5.1.2 for details. Figure 5.2 illustrates this fact
with a simulated ensemble whose entries are distributed according to the heavy-tailed
distribution from (5.32) below with a = 1.6.

5.1.2 The heavy-tailed case

So far we focused on “light-tailed” X in the sense that its entries have finite fourth mo-
ment. However, there is statistical evidence that the assumption of finite fourth moment
may be violated when dealing with data from insurance, finance or telecommunications.
We illustrate this fact in Figure 5.3 where we show the pairs («y,, ) of lower and upper
tail indices of p = 478 log-return series composing the S&P 500 index estimated from
n = 1,345 daily observations from 01/04/2010 to 02/28/2015. This means we assume
for every row (X;;);=1,..n of X that the tails behave like

P(X;y >x) ~cya™ Y and P(Xy < —x) ~cpax™ “F T — 00,

for non-negative constants cr,, ciy. We apply the Hill estimator (see Embrechts et al. [58],
p. 330, de Haan and Ferreira [67], p. 69) to the time series of the gains and losses in
a naive way, neglecting the dependence and non-stationarity in the data; we also omit
confidence bands. From the figure it is evident that the majority of the return series
have tail indices below four, corresponding to an infinite fourth moment. The behavior
of the largest eigenvalue A(;) changes dramatically when X has infinite fourth moment.
Bai and Silverstein [10] proved for an n x n matrix X with iid centered entries that

lim sup 2w =00 a.s. (5.6)

n—oo T
This is in stark contrast to Geman’s result (5.4).
In the heavy-tailed case it is common to assume a regular variation condition:

P(X > x) ~py Lx(f) and P(X < —z) ~p_ Lx(f)

, T — 00, (5.7)
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Sample Distribution Function and Frechet

1.0
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Figure 5.2: Sample distribution function of the largest eigenvalue A(;) compared to the
Fréchet distribution (solid line) with @ = 1.6. The data matrices have dimension 200 x
1000 and iid entries with infinite fourth moment. The results are based on 2000 replicates.

where py are non-negative constants p; +p_ =1 and L is a slowly varying function. In
particular, if @ < 4 we have E[X?] = co. The regular variation condition on X (we will
also refer to X as a regularly varying random variable) is needed for proving asymptotic
theory for the eigenvalues of XX’. This is similar to proving limit theory for sums of iid
random variables with infinite variance stable limits; see for example Feller [61].

In (5.2) we have seen that the sequence (F,-1xx) of empirical spectral distributions
converges to the Marcéenko—Pastur law if the centered iid entries possess a finite second
moment. Now we will discuss the situation when the entries are still iid and centered,
but have an infinite variance. Here we assume the entries to be regularly varying with
index a € (0,2). Assuming (5.1) with v € (0, 1] in this infinite variance case, Belinschi et
al. [16, Theorem 1.10] showed that the sequence (Fa;ipXX/) converges with probability
one to a non-random probability measure with density p?, satisfying

«
plta/2 2

— xr — oo,
2(147)

pa ()
see also Ben Arous and Guionnet [18, Theorem 1.6]. The normalization (ax) is chosen
P(|X| > ax) ~ k=1 as k — oo. An application of the Potter bounds (see Bingham et al.
21, p. 25]) shows that a2, ,/n — co.
It is interesting to note that there is a phase change in the extreme eigenvalues in going
from finite to infinite fourth moment, while the phase change occurs for the empirical
spectral distribution going from finite to infinite variance.
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Figure 5.3: Tail indices of log-returns of 478 time series from the S&P 500 index. The
values (&, &p) of the lower and upper tail indices are provided by Hill’s estimator. We
also draw the line &y = ar.

The theory for the largest eigenvalues of sample covariance matrices with heavy tails
is less developed than in the light-tailed case. Pioneering work for A(;) in the case of iid
regularly varying entries X;; with index o € (0,2) is due to Soshnikov [105, 106]. He
showed the point process convergence

p oo
d
N, = g €a2n, 7 N = g Ep—2/a n — oo, (5.8)
i=1 i=1

under the growth condition (5.1) on (p,). Here
ri=E1+---+E;, i>1, (5.9)

and (E;) is an iid standard exponential sequence. In other words, N is a Poisson point
process on (0,00) with mean measure pu(z,00) = 2~°/2, 2 > 0. Convergence in distri-
bution of point processes is understood in the sense of weak convergence in the space of
point measures equipped with the vague topology; see Resnick [96, 97]. We can easily
derive the limiting distribution of a,, Az for fixed k& > 1 from (5.8):

lim P(a2Agy < 2) = lim P(N,(z,00) < k) = P(N(z,00) < k) = P(T; 7/ < x)

n—o00 np n—o00

k—1 s
_ Z (M(:E;O)) ef,u(z,oo)7 > 0.
s=0
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In particular,

A1) d -a/2
%%Fla/, n — oo,
az,

where the limit has Fréchet distribution with parameter /2 and distribution function

_:E—oz/Z

Dpy2(z) =e , x>0.

We mention that the tail balance condition (5.7) may be replaced in this case by the
weaker assumption P(|X| > z) = L(z)z~® for a slowly varying function L. Indeed, it
follows from the proof that only the squares X2 contribute to the point process limits of
the eigenvalues (A;). A consequence of the continuous mapping theorem and (5.8) is the
joint convergence of the upper order statistics: for any & > 1,

a2y ) & (T LT, ne .

It follows from standard theory for point processes with iid points (e.g. Resnick [96,
97]) that (5.8) remains valid if we replace N,, by the point process > &_ > | EX2 /a2 -
Then we also have for any k > 1,

_ d —2/a -2/«
a2 (X2 s Xy ) & (D72 T mo o0, (5.10)

where

X(Ql)mp z 2 X(an),np
denote the order statistics of (X2Z)i=1,. . pit=1,...n-

Auffinger et al. [7] showed that (5.8) remains valid under the regular variation condi-
tion (5.7) for « € (2,4), the growth condition (5.1) on (p,) and the additional assumption
E[X] = 0. Of course, (5.10) remains valid as well. Davis et al. [45] extended these results
to the case when the rows of X are iid linear processes with iid regularly varying noise.
The Poisson point process convergence result of (5.8) remains valid in this case. Different
limit processes can only be expected if there is dependence across rows and columns.

In what follows, we refer to the heavy-tailed case when we assume the regular variation
condition (5.7) for some a € (0,4).

5.1.3 Overview

The primary objective of this overview is to make a connection between extreme value
theory and the behavior of the largest eigenvalues of sample covariance matrices from
heavy-tailed multivariate time series. For time series that are linearly dependent through
time and across rows, it turns out that the extreme eigenvalues are essentially determined
by the extreme order statistics from an array of iid random variables. The asymptotic
behavior of the extreme eigenvalues is then derived routinely from classical extreme value
theory. As such, explicit joint distributions of the extreme order statistics can be given
which yield a plethora of ancillary results. Convergence of the point process of extreme
eigenvalues, properly normalized, plays a central role in establishing the main results.
In Section 5.2 we continue the study of the case when the data matrix X consists
of iid heavy-tailed entries. We will consider power-law growth rates on the dimension
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(pn) that is more general than prescribed by (5.1). In Section 5.3 we introduce a model
for X;; which allows for linear dependence across the rows and through time. The point
process convergence of normalized eigenvalues is presented in Section 5.3.4. This result
lays the foundation for new insight into the spectral behavior of the sample covariance
matrix, which is the content of Section 5.4.1.

Sections 5.4.1 and 5.4.3 are devoted to sample autocovariance matrices. Motivated by
[86], we study the eigenvalues of sums of transformed matrices and illustrate the results
in two examples. These results are applied to the time series of S&P 500 in Section 5.4.2.
Appendix 5.A contains useful facts about regular variation and point processes.

5.2 General growth rates for p, in the iid heavy-tailed case

This section is based on ideas in Heiny and Mikosch [68] where one can also find detailed
proofs.

Growth conditions on (p,)

In many applications it is not realistic to assume that the dimension p of the data and the
sample size n grow at the same rate. The aforementioned results of Soshnikov [105, 106]
and Auffinger et al. [7] already indicate that the value v in the growth rate (5.1) does
not, appear in the distributional limits. This obervation is in contrast to the light-tailed
case; see (5.4) and (5.5). Davis et al. [44, 45] and Heiny and Mikosch [68] allowed for
more general rates for p, — oo than linear growth in n. Recall that p = p, — oo is
the number of rows in the matrix X,,. We need to specify the growth rate of (p,) to
ensure a non-degenerate limit distribution of the normalized singular values of the sample
autocovariance matrices. To be precise, we assume

where £ is a slowly varying function and 8 > 0. If 8 = 0, we also assume {(n) —
0o. Condition C)(3) is more general than the growth conditions in the literature; see
[7, 44, 45].

Theorem 5.1. Assume that X = X,, has iid entries satisfying the regqular variation
condition (5.7) for some « € (0,4). If E[|X|] < 0o we also suppose that E[X] = 0. Let
(pn) be an integer sequence satisfying Cp(5) with 8 > 0. In addition, we require

min(3,87") € (a/2—1,1]  fora €[2,4), (Cs(a))
Then
p d e o]
Z%;;’Ai SY epza,  n—oo, (5.11)
i=1 i=1

where the convergence holds in the space of point measures with state space (0,00)
equipped with the vague toplogy; see Resnick [97].
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A discussion of the case § € [0, 1]

We mentioned earlier that in the heavy-tailed case, limit theory for the largest eigenvalues
of the sample covariance matrix is rather insensitive to the growth rate of (p,) and that
the limits are essentially determined by the diagonal of this matrix. This is confirmed
by the following result.

Proposition 5.2. Assume that X = X,, has iid entries satisfying the reqular variation
condition (5.7) for some a € (0,4). IfE[|X]|] < co we also suppose that E[X] = 0. Then
for any sequence (py,) satisfying C,(8) with 8 € [0,1] we have

a2 | XX — diag(XX')|| 5o, n— oo,
where || - ||2 denotes the spectral norm; see (5.22) for its definition.

Proposition 5.2 is not unexpected for two reasons:

o It is well-known from classical theory (see Embrechts and Veraverbeke [59]) that for
any iid regularly varying non-negative random variables Y)Y’ with index o/ > 0,
Y Y’ is regularly varying with index o/ while Y2 is regularly varying with index
o'/2. Therefore X2 and X3 X;» are regularly varying with indices a/2 and a,
respectively.

e The aforementioned tail behavior is inherited by the entries of XX’ in the following
sense. By virtue of Nagaev-type large deviation results for an iid regularly varying
sequence (Y;) with index o € (0, 2) where we also assume that E[Yp] = 0 if E[|Y,|] <
0o (see Theorem 5.21) we have that P(Y1+---+Y,, > by,)/(nP(|Ys| > b,,)) converges
to a non-negative constant provided b, /al, — oo, where P(|Yy| > al)) ~ n~! as
n — oo. As a consequence of the tail behaviors of Xft and X;; X, for i # j and

Nagaev’s results we have for (b,,) b, /a2 — oo,

]P)((XX/)” > bn) ’I’LP(XHXQ > bn)
]P)((XX,)” — Cp > bn) nP(X2 > bn)

— 0, n — 00,

where ¢, = 0 or n E[X?] according as a € (0,2) or « € (2,4). This means that the
diagonal and off-diagonal entries of XX’ inherit the tails of X2 and XX, i # j,
respectively, above the high threshold b,,.

Proposition 5.2 has some immediate consequences for the approximation of the eigen-
values of XX’ by those of diag(XX’). Indeed, let C' be a symmetric p X p matrix with
eigenvalues A\ (C), ..., \p(C) and ordered eigenvalues

)\(1)(0) > > )\(p)(C) . (5.12)
Then for any symmetric p x p matrices A, B, by Weyl’s inequality (see Bhatia [20]),
Joax A (A+ B) = Xy (A)] < |B]l2.
If we now choose A+ B = XX’ and A = diag(XX') we obtain the following result.

Corollary 5.3. Under the conditions of Proposition 5.2,

np

.....

a,? max |A;) — Mg (diag(XX))| 50, no .
=1 p
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Thus the problem of deriving limit theory for the order statistics of XX’ has been
reduced to limit theory for the order statistics of the iid row-sums

D= (XX =3 Xi, i=1...p,
t=1

which are the eigenvalues of diag(XX’). This theory is completely described by the point
processes constructed from the points D;”/ a%p i =1,...,p. Necessary and sufficient
conditions for the weak convergence of these point processes are provided by Lemma 5.22
which in combination with the Nagaev-type large deviation results of Theorem 5.21 yield
the following result; see also Davis et al. [44].

Lemma 5.4. Assume the conditions of Proposition 5.2 hold. Then

p o]
d
D CariDr—en) D Eryues MO0,
i=1

i=1
where (I';) is defined in (5.9) and ¢, =0 if E[D7] = 00 and ¢,, = E[D] otherwise.

In this result, centering is only needed for a € [2,4) when n/a?, /4 0. Under the

additional condition 5/3 (o), n/ a%p — 0 in view of the Potter bounds; see Bingham et
al. [21, p. 25]. Combining Lemma 5.4 and Corollary 5.3, we conclude that Theorem 5.1
holds for 3 € [0, 1].

Extension to general

Next we explain that it suffices to consider only the case 8 € [0,1] and how to proceed
when 8 > 1. The main reason is that the p x p sample covariance matrix XX’ and the
n X n matrix X’X have the same rank and their non-zero eigenvalues coincide; see Bhatia
[20, p. 64]. When proving limit theory for the eigenvalues of the sample covariance matrix
one may switch to X’X and vice versa, hereby interchanging the roles of p and n. By
switching to X'X, one basically replaces 3 by 8~1. Since min(3,37!) € [0,1] for any
B > 0, one can assume without loss of generality that 8 € [0,1]. This trick allows one
to extend results for (p,) satisfying C,(8) with 5 € [0,1] to 8 > 1. We illustrate this
approach by providing the direct analogs of Proposition 5.2 and Corollary 5.3.

Proposition 5.5. Assume that X = X,, has iid entries satisfying the reqular variation
condition (5.7) for some o € (0,4). IfE[|X]|] < co we also suppose that E[X] = 0. Then
for any sequence (py) satisfying Cp(5) with B > 1 we have

a;2|X'X — diag(X'X) |2 =+ 0,  n oo,
where || - ||2 denotes the spectral norm.

Note that for 8 > 1 we have lim,, o, p/n = co. This means that X’X has asymptot-
ically a much smaller dimension than XX’ and therefore it is more convenient to work
with X’X when bounding the spectral norm.

Corollary 5.6. Under the conditions of Proposition 5.5,
_ . P
ang z:rrllauxn |)\(i) — ) (dlag(X’X))| -0, n—oo.

Now, Theorem 5.1 for § > 1 is a consequence of Corollary 5.6.
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5.3 Introducing dependence between the rows and columns

For details on the results of this section, we refer to Davis et al. [44], Heiny and Mikosch
[68] and Heiny et al. [69].

5.3.1 The model

When dealing with covariance matrices of a multivariate time series (X,,) it is rather
natural to assume dependence between the entries X;;. In this section we introduce a
model which allows for linear dependence between the rows and columns of X:

Xit = Z Z hiZi k-1, it ez, (5.13)
€2 kel

where (Z;t);tez is a field of iid random variables and (hg;)x ez is an array of real num-
bers. Of course, linear dependence is restrictive in some sense. However, the particular
dependence structure allows one to determine those ingredients in the sample covariance
matrix which contribute to its largest eigenvalues. If the series in (5.13) converges a.s.
(Xit) constitutes a strictly stationary random field. We denote generic elements of the
Z- and X-fields by Z and X, respectively. We assume that Z is regularly varying in the
sense that

L(x)

:I:Oé

L
P(Z > z) ~ p+$ and P(Z < —z)~p_ , x — o0, (5.14)
x

for some tail index o > 0, constants p4,p— > 0 with py +p_ = 1 and a slowly varying L.
We will assume E[Z] = 0 whenever E[Z?] < co. Moreover, we require the summability

condition
SN i’ < 0 (5.15)

l€Z keZ

for some § € (0,min(«/2,1)) which ensures the a.s. absolute convergence of the series
in (5.13). Under the conditions (5.14) and (5.15), the marginal and finite-dimensional
distributions of the field (X;;) are regularly varying with index «; see Embrechts et al.
[58], Appendix A3.3. Therefore we also refer to (X;) and (Z;) as regularly varying
fields.

The model (5.13) was introduced by Davis et al. [45], assuming the rows iid, and in
the present form by Davis et al. [44].

5.3.2 Sample covariance and autocovariance matrices

From the field (X;;) we construct the p x n matrices
Xn(s) = (Xi,tJrs)i:l,‘.,p;t:l,...,n 5 s=0,1,2,..., (516)

As before, we will write X = X,,(0). Now we can introduce the (non-normalized) sample
autocovariance matrices

X, (00X, (s), s=0,1,2,.... (5.17)

We will refer to s as the lag. For s = 0, we obtain the sample covariance matriz. In what
follows, we will be interested in the asymptotic behavior (of functions) of the eigen- and
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singular values of the sample covariance and autocovariance matrices in the heavy-tailed
case. Recall that the singular values of a matrix A are the square roots of the eigenvalues
of the non-negative definite matrix AA’" and its spectral norm || A2 is its largest singular
value. We notice that X,,(0)X,,(s)’ is not symmetric and therefore its eigenvalues can
be complex. To avoid this situation, we use the squares

X (0)X 0 (5) X, (5) X0 (0) (5.18)

whose eigenvalues are the squares of the singular values of X,,(0)X,,(s)’. The idea of
using the sample autocovariance matrices and functions of their squares (5.18) originates
from a paper by Lam and Yao [86] who used a model different from (5.13). This idea is
quite natural in the context of time series analysis.

In Theorem 5.7 below, we provide a general approximation result for the ordered
singular values of the sample autocovariance matrices in the heavy-tailed case. This
result is rather technical. To formulate it we introduce further notation. As before,
p = p,, is any integer sequence converging to infinity.

5.3.3 More notation

Important roles are played by the quantities (Zi)izlw,p;t:l,‘_,’n and their order statistics

2
Z(l) np Z Z(2) p . Z Z(np),np’ n,p 2 1. (5.19)
As important are the row-sums
Dy =DM = Z 20 i=1,....p; n=12..., (5.20)
with generic element D~ and thelr ordered values
(1) =Dy >---> D(p) = DL , (5.21)
where we assume without loss of generality that (L1, ..., L,) is a permutation of (1,. .., p)
for fixed n.
Finally, we introduce the column-sums
Df—D(n ZZ%, t=1,....,.n; p=1,2,...,

with generic element D+ and we also adapt the notation from (5.21) to these quantities.

Matrix norms
For any p x n matrix A = (a;;), we will use the following norms:
e Spectral norm:

[All2 = \/A@)(AAY), (5.22)

o Frobenius norm:
p.n %
1Allr = (3D lasl?)
i=1 j=1

We will frequently make use of the bound ||A]|2 < ||A||r. Standard references for matrix
norms are [17, 20, 73, 102].



120 5. SAMPLE AUTOCOVARIANCE MATRICES

Singular values of the sample autocovariance matrices

Fix integers n > 1 and s > 0. We recycle the A-notation for the singular values
A1(8), ..., Ap(s) of the sample autocovariance matrix X,,(0)X,,(s)’, suppressing the de-
pendence on n. Correspondingly, the order statistics are denoted by

)\(1)(8) > e > )\(p)(s) . (5.23)

When s = 0 we typically write A; instead of A;(0).

The matrix M(s)
We introduce some auxiliary matrices derived from the coefficient matrix H = (hg) g 1e2:
H(s) = (hits)kiez,  M(s) =H(0)H(s)  s>0.

Notice that

(M(5))ij = Y hidhjirs, 0§ €L (5.24)
leZ

We denote the ordered singular values of M(s) by
v1(8) > va(s) > - . (5.25)

Let 7(s) be the rank of M(s) so that v,(4)(s) > 0 while v,(541(s) = 0 if 7(s) is finite,
otherwise v;(s) > 0 for all i. We also write r = r(0).
Under the summability condition (5.15) on (hy;) for fixed s > 0,

oo

S @i(9))? = IM&IE =D > hinhjusshinhjite
i=1 AN
2
< c< 3 Z|hi,hhi,l2|) <e Y N hnl <o, (5.26)
l1,l2€Z i€Z I1EZ €L

Therefore all singular values v;(s) are finite and the ordering (5.25) is justified.
Here and in what follows, we write ¢ for any constant whose value is not of interest.

Normalizing sequence
We define (ay) by
P(|Z| > ay) ~ k71, k — o0,
and choose the normalizing sequence for the singular values as (a%p) for suitable sequences
P =Dy — 00.
Approximations to singular values

We will give approximations to the singular values \;(s) in terms of the p largest ordered
values for s > 0,

oy(s) = - = d(p)(s),
Yo (8) = =75 (s),
Ty (8) = - =70, (s),
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from the sets
{Z(Qi)mpvj(s),i: L...,p;j=12,...},
{D;7v;(s),i=1,...,p;j=1,2,...},
{Dyvi(s),t=1,...,n;5=1,2,... },

respectively.

5.3.4 Approximation of the singular values

In the following result we povide some useful approximations to the singular values of
the sample autocovariance matrices of the linear model (5.13).

Theorem 5.7. Consider the linear process (5.13) under
e the regular variation condition (5.14) for some a € (0,4),
e the centering condition E[Z] = 0 if E[|Z]] < oo,
o the summability condition (5.15) on the coefficient matriz (hy;),
e the growth condition Cy,(8) on (p,) for some 8 > 0.
Then the following statements hold for s > 0:

1. We consider two disjoint cases: a € (0,2) and B € (0,00), or a € [2,4) and S
satisfying Cz(a). Then

any max [Ag)(s) — 8¢ (s)] 50, n— oo (5.27)
i=1,....p

np

2. Assume B € [0,1]. If a € (0,2], E[Z?] = 00 or a € [2,4), E[Z?] < o0 and
B € (a/2 —1,1] then
_ P
am? Jmax Ay (8) =@ () =0, n— oo
Assume B > 1. If a € (0,2], E[Z%] = 00 or a € [2,4), E[Z?] < 00 and 7! €
(/2 —1,1]. Then
_ P
G X Ay (5) = 9 (5)] = 0, m— o0
Remark 5.8. The proof of Theorem 5.7 is given in Heiny et al. [69]. Part (2) of this
result with more restrictive conditions on the growth rate of (p,) is contained in Davis
et al. [44]. These proofs are very technical and lengthy.

Remark 5.9. If we consider a random array (hg;) independent of (X;;) and assume that
the summability condition (5.15) holds a.s. then Theorem 5.7 remains valid conditionally
on (hy), hence unconditionally in P-probability; see also [44].
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5.3.5 Point process convergence

Theorem 5.7 and arguments similar to the proofs in Davis et al. [44] enable one to derive
the weak convergence of the point processes of the normalized singular values. Recall the
representation of the points (T';) of a unit rate homogeneous Poisson process on (0, c0)
given in (5.9). For s > 0, we define the point processes of the normalized singular values:

p
A,s
Ny™ = ZEa;,?(k(i)(0),.4.,)\(1-)(5)) : (5.28)

i=1

Theorem 5.10. Assume the conditions of Theorem 5.7. Then (N*) converge weakly in
the space of point measures with state space (0,00)** equipped with the vague topology.
If either a € (0,2], E[Z?] = 00 and 3> 0, or a € [2,4), E[Z?] < o0 and Cy(c) hold then

A7 d _ o0 o0
N = N = Z ZEF;z/a(v]‘(O)’m,vj(s)), n — oo. (5.29)

i=1 j=1
Proof. Regular variation of Z2 is equivalent to
npP(a;22% € ) (), (5.30)

where — denotes vague convergence of Radon measures on (0, 00) and the measure y is
given by p(z,00) = 7%/2 & > 0. In view of Resnick [96], Proposition 3.21, (5.30) is
equivalent to the weak convergence of the following point processes:

p

o0
d
ZZ%@—Z%U =D e =N, n—oo,

i=1 t=1 P i=1

where the limit N is a Poisson random measure (PRM) with state space (0, 00) and mean
measure /.

Since a;jpr) np B oasn— o0, the point processes Y 7_, €,-242  converge weakly
' P 2(i),np
to the same PRM:

oo

d
E € — En—2/a n— o00. 5.31
“np (L) np — L ’ ( )

A continuous mapping argument together with the fact that > .- (vi(s))* < oo (see
(5.26)) shows that

co p 4 oo oo

Zzsanpz< i) .n (v5(0),...,v5(s)) - Z Zgl" 2/‘1(1) s (s))

j=1i j=11i=1

If the assumptions of part (1) of Theorem 5.7 are satisfied an application of (5.27)
(also recalling the definition of (d¢;)(s))) shows that (5.31) remains valid with the points
( 72Z(1‘) np( (0)7 M ,Uj (5))) repla‘ced by (aTT,pQ ()\(l) (0)7 crt )\(l) (S))'

The only cases which are not covered by Theorem 5.7(1) are o € (0,2), 8 = 0 and
a =2, E[Z% = oo, B> 0. In these cases we get from Theorem 5.21 that

pIP’(a;]?DH > ) ~pnP(Z? > ad? »T) = p(x,00), >0,
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ie., pP(a,7D” € ) % (). Tt follows from Lemma 5.22 that > 7 2o 4 N. As

before, a continuous mapping argument in combination with the approxunatlon obtained
in Theorem 5.7(2) justifies the replacement of the points (a,’LPQD(j)(vj(O), ...,v5(s))) by
(@ (A@5)(0),...,A)(s))) in the case 3 € [0,1]. If 3 > 1 one has to work with the
quantities (D;L)lzln instead of (D;”);=1, .., and one may follow the same argument as
above. This finishes the proof. O

zla

5.4 Some applications

5.4.1 Sample covariance matrices

The sample covariance matrix X, (0)X,,(0) = XX’ is a non-negative definite matrix.
Therefore its eigenvalues and singular values coincide. Moreover, v; = v;(0), j > 1, are
the eigenvalues of M = M(0).

Theorem 5.7(1) yields an approximation of the ordered eigenvalues (\¢;)) of XX’ by
the quantities (6;)) which are derived from the order statistics of (Z2). Part (2) of this
/+

)

result provides an approximation of (A(;)) by the quantities (7(7) which are derived

from the order statistics of the partial sums (D; D/ i)
In the following example we illustrate the quahty of the two approximations.

Example 5.11. We choose a Pareto-type distribution for Z with density

.32
1, otherwise. (5.32)

fz(l"):{ W7 if |z| > 1/4
We simulated 20,000 matrices X,, for n = 1,000 and p = 200 whose iid entries have
this density. We assume § = 1. Note that M = M(0) has rank one and v; = 1. The
estimated densities of the deviations a,,*(A(1) — D)) and e (A1) — Z(21),np) based on
the simulations are shown in Figure 5.4. The approximation error is very small indeed.
According to the theory,

_ P
ap sup |DG) = Ayl + a5 SuP|Z<zn —Aml =0,

but for finite n the ( () sequence yields a better approximation to (A¢;y). By construc-
tion, the considered dlﬁ)erences have a tendency to be positive but Figure 5.4 also shows
that the median of the approximation error for a,_u?()\(l) — D(_f)) is almost zero.

Theorem 5.10 and the continuous mapping theorem immediately yield results about
the joint convergence of the largest eigenvalues of the matrices a,, 2X X! for a € (0,2)

and a € (2,4) when 3 satisfies C3(cv). For fixed k > 1 one gets

a;PZ(/\(l)’ - 7/\(k)) £> (d (1)s--- d(k )

where d(1y > -+ > d) are the k largest ordered values of the set {F;Wavj,i =

1,2,...,5=1,...,r}. The continuous mapping theorem yields for k > 1,

A q4 d(

, N —o00. 5.33
A+ Ak day+o+dgy (5:33)
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a2(Mw)~Dgy)

———————— median
-2 2
B o - a (A - Zy)
R median

Distribution density

Figure 5.4: Density of the approximation errors for the eigenvalues of a;ﬁXX' . The
entries of X are iid with density (5.32) and a = 1.6.

An application of the continuous mapping theorem to the distributional convergence
of the point processes in Theorem 5.10 in the spirit of Resnick [97], Theorem 7.1, also
yields the following result; see Davis et al. [44] for a proof and a similar result in the
case a € (2,4).

Corollary 5.12. Assume the conditions of Theorem 5.7. If a € (0,2] and E[Z?] = oo,

then , . -
a;ﬁ ()\(1), Z )\z) £> (’1}1 ]_"1_2/(1 , Z v Z I‘;Q/a> ’
i=1 j=1 =1

where Pl_2/°‘ is Fréchet @, jo-distributed. and pya I‘;Q/a has the distribution of a posi-
tive a/2-stable random variable. In particular,

Ay 4w e
RS VD DALY Sy r;2e

Remark 5.13. The ratio

, M — 00. (5.34)

Ayt A

kE>1
)\1_|_..._|_)\p -

) 9

plays an important role in PCA. It reflects the proportion of the total variance in the data
that we can explain by the first k& principal components. It follows from Corollary 5.12
that for fixed k > 1,
Aot Aw a doy +o ey
— .
M4+ A diy +dgy +---

Unfortunately, the limiting variable does in general not have a clean form. An exception
is the case when r = 1; see Example 5.16. Also notice that the trace of XX’ coincides
with A + -+ X
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To illustrate the theory we consider a simple moving average example taken from
Davis et al. [44].

Distribution Function of the self-normalized gap

0.8 1.0
1

0.6

P ~A@)/A@) <x)

0.2
1

0.0

(a) iid data

Distribution Function of the self-normalized gap

1.0

0.8

0.6
1

0.4

PUA@ =2@)/Aw <x)

0.2

0.0
1

(b) data from model (5.35)

Figure 5.5: Distribution function of (A1) —A(2))/A(1) for iid data (left) and data generated
from the model (5.35) (right). In each graph we compare the empirical distribution func-
tion (dotted line, based on 1000 simulations of 200 x 1000 matrices with Z-distribution
(5.32)) with the theoretical curve (solid line).

Example 5.14. Assume that « € (0,2) and
Xit=Zup+Ziy-1—2(Zi—14 — Zi—14-1), HtEL. (5.35)
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In this case, the non-zero entries of H are
ho() = 1, hOl = 1,]7,10 =-2 and h11 =2

Hence M = HH' has the positive eigenvalues v; = 8 and vy = 2. The limit point process

in (5.29) is
oo oo
N = ZESFfz/a + ZE2F72/O‘ s
i=1 i=1

0 th
ot “2 (A1), Aoy) > (872 o1/« v 81, 2/
any (A1), M) = (8T 7,207 v er, ™).

Using the fact that U =I'; /T’y has a uniform distribution on (0,1) we calculate
-2/« —2/a —« —«
PRI > 8T, %) = P(Iy /Ty < 27%) = 27 € (1/4,1).
In particular, we have for the normalized spectral gap

_ d -2 —2 -2
ang ()\(1) — )\(2)) — 6F1 /a].{l"14o</2<[‘2} + 38 (Fl /e — F2 /a)l{F14a/2>F2}
and for the self-normalized spectral gap (see also Example 5.15 for a detailed analysis)

A —A@) 4

6 «
< Lrzecryy + (1= (T/T2)? ) 1r 005ry)
3

=1 Liygecty + (1 - UQ/Q)I{U20>1} =Y.

The limit distribution of the spectral gap has an atom at 3/4 with probability 27,
ie, P(Y =3/4) =27% and

PY<z)=1-(1-2)"%  2€(0,3/4).

In the iid case the limit distribution of the self-normalized spectral gap has distribution
function F(z) = 1 — (1 —x)®/? for 2 € [0,1]. This means that the atom disappears if the
entries are iid. Figure 5.5 compares the distribution function of Y with F' for a = 0.6;
the atom at 3/4 is clearly visible.

Along the same lines, we also have

_ d _ 1 o
(@mp A1) A@)/Aqy) = (8T 2 7 Hu<e-ep + U 1y5a-ay)

and hence the limit distribution of A(2)/A(1) is supported on [1/4,1) with mass of 27 at

1/4. The histogram of the ratio ()\(2)/)\(1))2/& based on 1000 replications from the model
(5.35) with noise given by a t-distribution with o = 1.5 degrees of freedom, n = 1000
and p = 200 is displayed in Figure 5.6. Observing that 27 = 0.3536.. . ., the histogram
is remarkably close to what one would expect from a sample from the truncated uniform
distribution, 27% 11y c9-a} + U 14y>2-«}. The mass of the limiting discrete component
of the ratio can be much larger if one conditions on agﬁ Aq1) being large. Specifically, for
any € € (0,1/4) and « > 0,

lim P(e < A2)/A) < 1/41Aq) > al,z) = P(T'1/T2 < 27T < (2/8)"*/?) = G(z) .

n—oo
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Histogram of Ratio of Eigenvalues

35

Density
2.0
L

15
1

1.0

0.0

T T T T
0.0 0.2 0.4 0.6 0.8 1.0

ratio™(alpha/2)

Figure 5.6: Histogram based on 1000 replications of ()\(2)/)\(1))2/& from model (5.35).

The function G approaches 1 as z — oo indicating the speed at which the two largest
eigenvalues get linearly related; see Figure 5.7 for a graph of G in the case a = 1.5. In
addition, from Remark 5.13, we also have

4 F1—2/oz

g Zoo F—2/a :

i=1"1

Clearly, the limit random variable is stochastically smaller than what one would get in
the iid case; see (5.34).

Example 5.15. The previous example also illustrates the behavior of the two largest
eigenvalues in the general case when the rank r of the matrix M is larger than one. We
have in general

A@) a4 V2
A ™ Lw< o2y + U Lius (vg jun)er2y -

In particular, the limiting self-normalized spectral gap has representation

A —A@) 4 v

A o Lty + =T Lus auers)

The limiting variable assumes values in (0,1 — v2/v1] and has an atom at the right end-
point. This is in contrast to the iid case and to the case when r = 1 (hence v = 0)
including the case of iid rows and the separable case; see Example 5.16.
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Mass at Left Endpoint of Support of Ratio of Eigenvalues

1.0

HE)
0.6 0.8

0.4

0.2

Figure 5.7: Graph of G(z) = P(T'; /Ty < 27T < (#/8)~%/?) when a = 1.5.

Example 5.16. We consider the separable case when hy; = Oic, k,1 € Z, where (¢),
(0r) are real sequences such that the conditions on (hy;) in Theorem 5.7 hold. In this
case,

M = ZCZQ (0i9j)i’jez .

ez

Note that » = 1 with the only non-negative eigenvalue

vy :chz ZG,%

lEZ kEZ

In this case, the limiting point process in Theorem 5.10 is a PRM on (0, c0) with mean
measure of (y,00) given by (v1/y)*/2, y > 0. The normalized eigenvalues have similar
asymptotic behavior as in the case of iid entries. For example, the log-spacings have the
same limit as in the iid case for fixed k,

d 2
(log A1) —log A2y, - . ., log Ag1) — log Ayy) = - (log(T'1/T2),...,1og(T/Tk41)) -

The same observation applies to the ratio of the largest eigenvalue and the trace in the
case a € (0,2):

Ay Ay e
tr(XX/) A+ A e e

i=1"1

We also mentioned in Example 5.15 that the distributional limit of the self-normalized
spectral gap has no atom as in the iid case.
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5.4.2 S&P 500 data

We conduct a short analysis of the largest eigenvalues of the univariate log-return time
series which compose the S&P 500 stock index; see Section 5.1.2 for a description of
the data. Although there is strong empirical evidence that these univariate series have
power-law tails (see Figure 5.3) we do not expect that they have the same tail index.
One way to proceed would be to ignore this fact because the tail indices are in a close
range and the differences are due to large sampling errors for estimating such quantities.
One could also collect time series with similar tail indices in the same group. In this
case, the dimension p decreases. This grouping would be a rather arbitrary classification
method. We have chosen a third way: to use rank transforms. This approach has its
merits because it aims at standardizing the tails but it also has a major disadvantage:
one destroys the covariance structure underlying the data.

Given a p x n matrix (Ri)i=1,... pit=1,... n, We construct a matrix X via the rank
transforms

1 < -1 ‘
Xit:_[log<n+1;1{R”§Ru})} s t=1,....p;t=1,...,n.

0.0
|

S TE 0., eve,%ecteesT o SVev,ev, s evs e as
. .

-1.0 -0.5
|

log(A 1)/ Ag))

-15

-2.0

Figure 5.8: The logarithms of the ratios A¢;1)/Aq) for the S&P 500 series after rank
transform. We also show the 1, 50 and 99% quantiles (bottom, middle, top lines, respec-
tively) of the variables log((T';/Ti11)?).

If the rows Ry, . . ., Ri, were iid (or, more generally, stationary ergodic) with a contin-
uous distribution then the averages under the logarithm would be asymptotically uniform
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Figure 5.9: The logarithms of the ratios A(+1)/A¢) for the original (non-rank trans-
formed) S&P 500 log-return data. We also show the 1, 50 and 99% quantiles (bottom,

middle, top lines, respectively) of the variables log((T;/T41)%/%?3); see also Figure 5.8
for comparison.

on (0,1) as n — oo. Hence X;; would be asymptotically standard Fréchet ®;-distributed.
In what follows, we assume that the aforementioned univariate time series of the S&P
500 index have undergone the rank transform and that their marginal distributions are
close to @1; we always use the symbol X for the resulting multivariate series.

In Figure 5.8 we show the ratios of the consecutive ordered eigenvalues (A(;i11)/A())
of the matrix XX’. This graph shows the rather surprising fact that the ratios are close
to one even for small values i. We also show the 1, 50 and 99 % quantiles of the variables
((T;/Ti41)%/®) calculated from the formula

P((Ti/Tip1)¥* <z) =2"/2, z€(0,1). (5.36)

For increasing i, the distribution is concentrated closely to 1, in agreement with the strong
law of large numbers which yields I'; /T 41 *3 1 as i — oo. The asymptotic distributions
(5.36) correspond to the case when the matrix M has rank r = 1. It includes the iid and
separable cases; see Example 5.16. The shown asymptotic quantiles are in agreement
with the rank » = 1 hypothesis.

For comparison, in Figure 5.9 we also show the ratios (A41)/A)) for the non-
rank transformed S&P 500 data and the 1, 50 and 99% quantiles of the variables
log((T;/Ti41)%/®), where we choose a = 2.3 motivated by the estimated tail indices
in Figure 5.3. The two graphs in Figure 5.8 and Figure 5.9 are quite similar but the
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smallest ratios for the original data are slightly larger than for the rank-transformed
data.

5.4.3 Sums of squares of sample autocovariance matrices

In this section we consider some additive functions of the squares of A,,(s) = X,,(0)X,,(s)’

given by A, (s)A,(s)" for s = 0,1,.... By definition of the singular values of a matrix

(see (5.23)), the non-negative definite matrix A,,(s)A,,(s)" has eigenvalues (A\?(s))i=1.. p-
The following result is a corollary of Theorem 5.7.

Proposition 5.17. Consider the linear process (5.13) under the conditions of Theo-
rem 5.7. Then the following statements hold for s > 0:

(1) We consider two disjoint cases: « € (0,2) and 8 € (0,00), or o € [2,4) and 3
satisfying Cg(cv). Then
P

—4 2 2
Qpp ,AX ATy (s) =60y (s) = 0, n— o0

(2) Assume B € [0,1

l. If a € (0,2], E[Z%] =  or a € [2,4), E[Z?] < oo and
B € (a2 —1,1], then

y P
G [\ (5) = (03 (5)°] 0, = oo,
Assume B > 1. If a € (0,2], E[Z?] = o0 or a € [2,4), E[Z?] < o0 and 7! €
(a/2—=1,1]. Then

P

a;; “max \)\%i)(s) — (vﬁ)(s))2| =0, n— oo
1=1,...,p

To the best of our knowledge, sums of squares of sample autocovariance matrices were
used first in the paper by Lam and Yao [86]; their time series model is quite different
from ours.

Proof. Part (1). The proof follows from Theorem 5.7 if we can show that

np -

a2 1111?313 (/\(i)(s) + 5@)(3)) =0p(l) n—oo.
We have by Theorem 5.10,

a~2 max Aoy (s) = a;ﬁ)\(l)(s) 4 céas2s (5.37)

np i=1...,p

where £, /; has a ®,/5 distribution. In view of Theorem 5.7(1) we also have

_ d
ang [Jax 3y (8) = c&aya-

Therefore, again using Theorem 5.7(1), we have
P =1

i max [\ (s) = 6%(5)

_ _ P
< [ang i:rrllé?ip Aoy (s) = 5(1-)(5)” [ang Z_:rrll’z?(’p (|)\(i)(s)| + 8¢ (s)|)] =0, n— oo
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This proves part (1).

Part (2). Now assume 3 € [0,1] and a € (0,2], E[Z?] = 0o or a € [2,4), E[Z?] < o0
and f € («/2 — 1,1]. Then (5.37) is still true and we have by Theorem 5.7(2) and
Theorem 5.10

_ d
Gy WX Y)(5) = CEayz

We then have

@y 10X Xy (5) = (93 (5))”]

_ - P
< o max Ao (s) =16 ()] [any max (A (s) +9G) ()] >0, n— oo,
The proof of the remaining part is similar and therefore omitted. O

Now, using Proposition 5.17 and a continuous mapping argument, we can show limit
theory for the eigenvalues

w(1)(S0,81) = -+ > wp (S0, 51) 0<s9<s1,
of the non-negative definite random matrices

> An(s)An(s) . (5.38)

s=sp

Proposition 5.18. Assume 0 < sg < s1 and the conditions of Theorem 5.7 hold. If
a € (0,4) and 5 € (0,1] N (/2 — 1,1] then

_ P
a maxp [w()(s0,81) — w(iy(s0,81)] = 0, n— oo,

P =1
where w(;)(s0,51) are the ordered values of the set {Zé)’npvj(so,sl),i =1,...,p;j =
1,2,...} and (v;(s0,51)) are the ordered eigenvalues of 331 M(s)M(s)'.

Example 5.19. Recall the separable case from Example 5.16, i.e., hy; = 0rcy, k,1 > 0,
where (¢;), (0%) are real sequences such that the conditions on (hy;) in Theorem 5.7 hold.
Write ©;; = 0;0;. It is symmetric and has rank one; the only non-zero eigenvalue is
79(0) = Y 7=, 0. Hence © is non-negative definite. We get from (5.24) that

M(s) =7.(s)©, s>0,

where
o0
Ye(s) = ZClCHs, s>0.
1=0

The matrix M(s) has the only non-zero eigenvalue 7.(s)v9(0). The factors (7.(s)) can
be positive or negative; they constitute the autocovariance function of a stationary linear
process with coefficients (¢;). Accordingly, M(s) is either non-negative or non-positive
definite. Now we consider the non-negative definite matrix

Z M(s)M(s) = Z 72(s) 080"

S=38p S=38p
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R —— sgom)(An(s)An(s)') /
§7ﬁéﬁ A(l)(SZDAn(S)An(S)') // /
A//
éﬁ
e
0 : ’ ; : :
(a)
~

3 M) (An(s)/2+Aq(s) 2)

)\(,)(ZDA (s)/2+A(s)/2)
1.005

Il

1.000

Figure 5.10: The largest eigenvalues of the sums of the squared autocovariance matrices
compared with the sums of the largest eigenvalues of these matrices for the S&P 500
data for different values s;. The two values are surprisingly close to each other; mind
the scale of the y-axis. We also show their ratios.

This matrix has rank 1 and its largest eigenvalue is given by

Coolso,51) = 3 22(5)73(0)

s=s0
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An application of Proposition 5.18 yields that the ordered eigenvalues of

a_;} “21 A, (s)A

S=3S8p

are uniformly approximated by the quantities
a;ﬁZé),anc,g(so, s1), i=1,...,p. (5.39)
Since

Ce0(50,51) E Ceo(i,1)

1,30

one gets the remarkable property that

( Z An( ) Zé)’npcw(so,sl)‘

S$=38p

a_4 max

s1
gt max \ S M) (An(8)An(8)') = ZE 0y Cea(50, 51)‘ +op(1).

S$=S80

In particular, for s; > so we get the weak convergence of the point processes towards a
PRM:

P
g
; it (2 (0, A8 0) N (S0, An91An)))
d o0
DI

=1 1s (Cc,9(80780)7'“7cc,9(30131))

Example 5.20. In Figure 5.10 we calculate the largest eigenvalues A1) (Y01 Ay (s)Ay(s))
for s1 =0,...,5 as well as the sums of the largest eigenvalues > °' A1) (A, (s5)An(s))
the log-return series from the S&P 500 index described in Section 5.1.2. The data are not
rank-transformed. We notice that the two values are surprisingly close across the values

so = 0,...,5. This phenomenon could be explained by the structure of the eigenvalues

in Example 5.19. Also note that the largest eigenvalue A, (0)A,(0) makes a major
contribution to the values in Figure 5.10; the contribution of the squares A, (s)A,(s)’,
s=1,...,5, to the largest eigenvalue of the sum of squares is less substantial.

5.A Auxiliary results

Let (Z;) be iid copies of Z whose distribution satisfies

L(z)

L
P(Z > x) ~ P and P(Z < —z) ~ (z)

p-—0", T 00,
x

for some tail index o > 0, where p;,p_ > 0 with py +p_ =1 and L is a slowly varying
function. If E[|Z]] < oo also assume E[Z] = 0. The product Z; Z, is regular varying with
the same index a and P(|Z1Z5| > x) = 2~ *Ly(x), where L; is slowly varying function
different from L; see Embrechts and Goldie [57]. Write

Sn:ZI++Zn7 n>1,

and consider a sequence (a,) such that P(|Z| > a,) ~n~%.
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5.A.1 Large deviation results

The following theorem can be found in Nagaev [92] and Cline and Hsing [35] for o > 2
and a < 2, respectively; see also Denisov et al. [48].

Theorem 5.21. Under the assumptions on the iid sequence (Z;) given above the follow-

ing relation holds
P(S, > z)
sup

—on = =0,
Pz > x) Pt

where (c,) is any sequence satisfying cp/a, — oo for a < 2 and ¢, > /(o —2)nlogn
for a> 2.

5.A.2 A point process convergence result

Assume that the conditions at the beginning of Appendix 5.A hold. Consider a sequence
of iid copies (S’T(Lt))t:m,m of S,, and the sequence of point processes

P

Nn:E €amlsl n=12,...,
t=1

for an integer sequence p = p, — 00. We assume that the state space of the point
processes Ny, is Ryp = [R U {£o0}]\{0}.

Lemma 5.22. Assume o € (0,2) and the conditions of Appendiz 5.A on the iid se-

quence (Z;) and the normalizing sequence (an). Then the limit relation Ny LN holds
in the space of point measures on Ro equipped with the vague topology (see [96, 97])
for a Poisson random measure N with state space Ry and intensity measure pq(dz) =

alz| N ppLipsoy + P—1{z<o})d.

Proof. According to Resnick [96], Proposition 3.21, we need to show that pP(a,}S, €

) > pa, where ~+ denotes vague convergence of Radon measures on Ry. Observe that we
have anp/a, — 0o as n — oco. This fact and a € (0,2) allow one to apply Theorem 5.21:

P(S,, > zany)

P(S,, < —zany)
nP(|Z| > anp)

nB(|Z] > anp)

-

= prx~ ¢ and —p_x %, x>0.

On the other hand, nP(|Z] > an,) ~ p~! as n — oco. This proves the lemma. O
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