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Abstract

This thesis consists of four papers.
In the first paper, Monte Carlo simulation for tail probabilities of heavy-

tailed random walks is considered. Importance sampling algorithms are con-
structed by using mixtures of the original distribution with some other, state-
dependent, distributions. Sufficient conditions under which the relative error
of such algorithms is bounded are found, and the bound is calculated. A new
mixture algorithm based on scaling of the original distribution is presented
and compared to existing algorithms.

In the second paper, Monte Carlo simulation of quantiles is treated. It is
shown that by using importance sampling algorithms developed for tail prob-
ability estimation, efficient quantile estimators can be obtained. A functional
limit of the quantile process under the importance sampling measure is found,
and the variance of the limit process is calculated for regularly varying distri-
butions. The procedure is also applied to the calculation of expected shortfall.
The algorithms are illustrated numerically for a heavy-tailed random walk.

In the third paper, large deviation probabilities for a sum of dependent
random variables are derived. The dependence stems from a few underlying
random variables, so-called factors. Each summand is composed of two parts:
an idiosyncratic part and a part given by the factors. Conditions under which
both factors and idiosyncratic components contribute to the large deviation
behavior are found, and the resulting approximation is evaluated in a simple
example.

In the fourth paper, the asymptotic eigenvalue distribution of the expo-
nentially weighted moving average covariance estimator is studied. Equations
for the asymptotic spectral density and the boundaries of its support are found
using the Marčenko-Pastur theorem.

iii





Acknowledgements

I would like to thank my supervisor Professor Boualem Djehiche for his continuous
support and encouragement. He has always provided guidance and been willing to
discuss problems with me. I also want to thank Henrik Hult for welcoming me to
visit him at Brown University, and for a very inspiring and rewarding collaboration
on the first two papers in the thesis. Furthermore, I want to thank Filip Lindskog
for many valuable discussions, in particular during my first years as a graduate
student.

I am grateful to Professor emeritus Lars Holst for introducing me to the the-
ory of probability through his undergraduate and graduate courses, to Professor
Kurt Johansson for discussions during the preparation of the fourth paper in the
thesis, to Professor Allan Gut for comments on the last two papers, and to the
Göran Collert foundation for financial support.

Finally, I would like to thank my wife Çiçek, my mother Susanne and my brother
Frank for always supporting me and believing in me.

v



Contents

Acknowledgements v

Contents vi

Summary of the papers 3
On importance sampling with mixtures for random walks with heavy tails 3
Efficient calculation of risk measures by importance sampling . . . . . . . 6
Large deviations for heavy-tailed factor models . . . . . . . . . . . . . . . 9
The asymptotic spectrum of the EWMA covariance estimator . . . . . . . 10

Bibliography 13

List of papers

Paper I:

On importance sampling with mixtures for random walks with heavy tails (2009).
Joint with Henrik Hult.
Paper II:

Efficient calculation of risk measures by importance sampling (2009). Joint with
Henrik Hult.
Paper III:

Large deviations for heavy-tailed factor models (2009). Statistics and Probability
Letters 79, 304-311. Joint with Boualem Djehiche.
Paper IV:

The asymptotic spectrum of the EWMA covariance estimator (2007).
Physica A 385, 621-630.

vi



Summary of the papers
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On importance sampling with mixtures for random walks

with heavy tails

Calculating tail probabilities is a central problem in probability. In this paper, we
study tail probabilities for heavy-tailed random walks Sn =

∑n
i=1Xi, where Xi,

i = 1, . . . , n are independent and identically distributed (i.i.d.) with distribution
function F and density f . The distribution of X1 is assumed to be regularly varying
at ∞, i.e.

P (X1 > x) = L(x)x−α,

where α > 0 and L is a slowly varying function such that

lim
x→∞

L(tx)

L(x)
= 1, t > 0.

Analytical calculation of the tail probability P (Sn > b) is rarely possible, and
numerical evaluation of the integral

P (Sn > b) =

∫

x1+...+xn>b

f(x1) · . . . · f(xn)dx1 . . . dxn,

can be hard when n is not small. For such cases Monte Carlo simulation is often a
better alternative.

The standard Monte Carlo approach to simulating tail probabilities is to simu-
late an i.i.d. sample of Sn,

S1
n, . . . , S

N
n ,

and calculate the desired probabilities using the empirical distribution function

FN (x) =
1

N

N
∑

k=1

I{Skn ≤ x}.

An estimate of pb = P (Sn > b) is then p̂b = 1 − FN (b). When b is large, in the
sense that P (Sn > b) is close to zero, this method does not work well. For large
b, the event {Sn > b} is rare, and N must be very large in order to obtain enough
samples where Sn > b. Note that the expected number of samples needed to obtain
the event {Sn > b} is 1/P (Sn > b).

To quantify the accuracy of the estimates, one typically considers the (squared)
relative error

Relative Error(p̂b)
2 =

Var(p̂b)

p2b
=
E(p̂b)

2

p2b
− 1, (1)
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which for the standard Monte Carlo estimate is

Relative Error(p̂b)
2 =
N−1(pb − p2b)

p2b
=

1

N

(

1

pb
− 1

)

.

The size of the sample N has to be of a higher order of magnitude than p−1
b in order

to yield reliable estimates. For rare events, p−1
b can be very large and standard

Monte Carlo simulation is not suitable. Instead, some form of variance reduction
is required; making the second moment in (1) smaller is the only way of improving
the accuracy of the estimates without increasing the number of samples.

When studying rare events, the relative error is usually analyzed asymptotically
as b → ∞. The most essential requirement is to make sure that the relative error
remains bounded as b → ∞. Equivalently, the sample size required to obtain a
specified relative error should remain bounded as b → ∞. Algorithms that satisfy
this criterion are said to have bounded relative error. A lower bound on the relative
error is given by the case when the variance is zero, i.e. when E(p̂b)

2/p2b = 1.
Algorithms that achieve this lower bound as b→∞ are said to have asymptotically

optimal relative error.
There are many ways of reducing the variance of tail probability simulations.

For example, one can condition on some event that accounts for a large part of
the variance, and treat it analytically. This was first illustrated in Asmussen and
Binswanger (1997) for the problem of tail probabilities. A method with bounded
relative error for regularly varying distributions was presented in Asmussen and
Kroese (2006), where the tail probability was calculated by conditioning on the
first n − 1 steps in the random walk and analytically evaluating the conditional
probability that the last step exceeds the barrier.

Another approach is importance sampling, i.e. changing the sampling measure to
obtain more samples “important” to the event {Sn > b}. If the original probability
measure of Sn is µ, samples are instead simulated from another measure ν, where
µ is absolutely continuous with respect to ν. To compensate for the change of
measure, the samples are weighted with the Radon-Nikodym derivative dµ/dν. If
the samples under ν are denoted by S̃n =

∑n
i=1 X̃i, the new estimate is given by

p̂b,ν =
1

N

N
∑

k=1

dµ

dν
(S̃kn)I{S̃kn > b}.

The expected value of this estimate is pb and the relative error is

Relative Error(p̂b,ν)
2 =
N−2Eν(

∑N
k=1

dµ
dν

(S̃kn)I{S̃kn > b})2

p2b
− 1

=
N−1Eµ(

dµ
dν

(S1
n)I{S1

n > b})
p2b

− 1,

where S1
n is a sample under the measure µ. The algorithm, or measure, ν should

be chosen to minimize this expression. Intuitively, the measure should be shifted
so that more samples are located in the tail.
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A particularly fruitful approach to choosing importance sampling measures is
to study of the large deviation behavior of the random walk. By studying the tail
probability P (Sn > b) as b → ∞ and trying to mimic the asymptotic behavior
of Sn conditional on {Sn > b}, measures with good asymptotic properties can be
constructed. Often, this leads to good non-asymptotic properties as well.

For random walks with light tails, i.e. when the jumps have tails that tend to
zero faster than e−cb for some c > 0, this approach results in a change of mean
value based on a so-called exponential shift.

For heavy-tailed problems, the situation is quite different. Since a heavy-tailed
random walk becomes large in a qualitatively different way than a light-tailed one,
the same change of measure cannot be used. Specifically, it holds that

lim
b→∞

P (Sn > b)

nP (X1 > b)
= 1,

meaning that, asymptotically, the random walk becomes large due to a single large
jump. With this behavior in mind, it is unintuitive to change the measure of all Xi
in the same way. In fact, it turns out that for importance sampling algorithms to
achieve asymptotic optimality, it is necessary that the measure is changed in each
step depending on the current state of the random walk (Bassamboo et al. 2007).

The first state-dependent algorithm of this kind was presented by Dupuis et al.
(2007). By performing a random change of measure in each step of the random
walk, depending on the current state, the algorithm mimics the asymptotic behavior
of the random walk and almost achieves asymptotic optimality.

In this paper, we use a similar approach and consider mixture algorithms consist-
ing of the original density f and some other, state-dependent, densities gi(· | si−1),
i = 1, . . . , n. In step i = 1, . . . , n, where Si−1 = si−1, Xi is sampled as follows.

• If si−1 > b, Xi is sampled from the original density f ,

• if si−1 ≤ b, Xi is sampled from

pif(·) + qigi(· | si−1), for 1 ≤ i ≤ n− 1,

gn(· | sn−1), for i = n.

Here pi + qi = 1 and pi ∈ (0, 1).

Implementing this mixture algorithm is easy. In each step, a sample is generated
from gi with probability qi. Otherwise, the original density f is used. In the last
step the sample is generated from gn.

Mixture algorithms are natural for simulation of heavy-tailed random walks,
since trajectories with the desired large deviation properties are easily constructed
in this framework. The idea is that sampling from gi should be likely to result in
a large value.

Example 1 (Dupuis et al. (2007)). This algorithm takes gi to be the original
distribution conditioned on being at least a times the remaining distance to b,
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a(b − si−1, where a ∈ (0, 1). In the last step one conditions on exceeding b. The
probabilities pi are chosen to mimic the large deviation behavior, where the index
of the large jump is uniformly distributed over {1, . . . n}. By choosing a close to 1,
the algorithm can come arbitrarily close to asymptotic optimality.

We present two additional mixture algorithms.

Example 2 (Generalized Pareto mixture). The generalized Pareto mixture algo-
rithm takes gi to be a generalized Pareto distribution (GPD). As in the previous
algorithm, for i = 1, . . . , n−1, the large values are sampled conditional on being at
least a times the remaining distance to b, where a ∈ (0, 1). The last step is slightly
different, though. If the remaining distance is still large, the last step is taken from
a GPD, otherwise it is taken from the original density. This is because, if Sn−1 ≤ b,
but close to b, the GPD is not necessarily a good approximation of the conditional
distribution.

Example 3 (Scaling mixtures). A different way to sample the large values is to
sample from the original density and then scale the outcome by simply multiplying
with a large number σb, σ > 0. We call this a scaling mixture algorithm. There are
several variations of the scaling algorithm. For instance, one may scale with some-
thing proportional to the remaining distance to b, instead of something proportional
to b as described above.

We find sufficient conditions in terms of f and gi for the mixture algorithm
to obtain bounded relative error. The bounds are calculated for the above ex-
amples. We also show that mixture algorithms can be made asymptotically opti-
mal. Finally, the algorithms are compared numerically using a a random walk with
Pareto-distributed jumps.

Efficient calculation of risk measures by importance sampling

Many risk measures, such as Value-at-Risk and expected shortfall, are based on
quantiles of the underlying distribution, i.e. λp such that P (X ≥ λp) ≥ 1 − p.
Often, quantiles are not easily calculated and Monte Carlo simulation is required.
This paper continues the application of importance sampling to heavy-tailed dis-
tributions from the previous paper, and considers the inverse problem of quantile
estimation.

To calculate a quantile by simulation, the standard way is to use Monte Carlo.
Specifically, this is done by generating an i.i.d. sample X1, . . . ,Xn, and inverting
the the empirical distribution function

FN (x) =
1

N

N
∑

k=1

I{Xk ≤ x}.

6



The inverse is given by

F←N (p) = inf{x : FN (x) ≥ p}

and the estimate of the pth quantile is F←N (p). However, difficulties arise in the
tail of the distribution. When p is close to 1, the sample size N has to much larger
than (1− p)−1 in order to obtain reliable estimates.

Importance sampling provides an intuitive way of improving estimation of quan-
tiles. By changing from the original measure µ to an importance sampling measure
ν and using the importance sampling empirical distribution function

Fν,N (x) =
1

N

N
∑

k=1

dµ

dν
(Xk)I{Xk ≤ x},

quantiles can be estimated by inversion just as in the standard Monte Carlo case.
By choosing a suitable importance sampling measure, estimation can be vastly
improved. This approach was initiated by Glynn (1996) for light-tailed random
variables.

Because of the weighting with Radon-Nikodym derivatives, the importance sam-
pling empirical distribution function may not be a probability distribution function.
In particular, the sum of Radon-Nikodym weights can be less than 1. Since we typ-
ically consider quantiles where p is close to one, it is natural to instead invert the
function

1− F ν,N (x) = 1− 1

N

N
∑

k=1

dµ

dν
(Xk)I{Xk > x}.

The construction of the estimates in terms of empirical distribution functions
makes it possible to use empirical process theory to derive functional distributions
of the estimators. The following well-known central limit theorem is the starting
point.

Proposition 1 (c.f. Lemma 3.9.23 and Example 3.9.24 in van der Vaart and Well-
ner (1996)). Let {Xi}∞i=1 be a sequence of independent and identically distributed

random variables with distribution function F . Suppose F has a continuous density

f > 0 with respect to the Lebesgue measure on the interval [F←(p)− ǫ, F←(q) + ǫ],
for 0 < p < q < 1 and ǫ > 0. Then, as N →∞,

√
N(F←N − F←) w→ B

f ◦ F← , in l∞([p, q]),

where l∞([p, q]) is the space of bounded functions [p, q] → R equipped with the

uniform metric. The right-hand side refers to the random function u 7→ B(u)
f(F←(u))

where B is a Brownian bridge on [0, 1].
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We prove a similar result for the importance sampling empirical distribution
function

Proposition 2. Let Z be a centered Gaussian process with covariance function

̺(x, y) := N Cov(F ν,N (x), F ν,N (y)) = Eν(
dµ

dν
(X1)2I{X1 > y} − F (x)F (y)).

Suppose F has a continuous density f > 0 with respect to the Lebesgue measure on

the interval [F←(p)− ǫ, F←(q) + ǫ], for 0 < p < q < 1 and ǫ > 0. Suppose also that

Eνw(X1)2I{X1 > F
←(p)− ε} <∞. Then, as N →∞,

√
N((1− F ν,N )← − F←) w→ Z(F←)

f(F←)
, in l∞([p, q]).

Contrary to the case of tail probabilities, it is not obvious how the performance
of quantile estimators should be evaluated.

In this paper, we will use the above results and consider the asymptotic variance
as the sample size N → ∞ first, and λp → ∞ thereafter. By choosing sampling
measure, the asymptotic variance of the limit process given by Proposition 2 can
be minimized as λp →∞.

The same methodology can be applied to calculation of expected shortfall, the
expected value of the tail, defined as

Expected Shortfallp(X) =
1

1− p

∫

∞

F←(p)

xf(x)dx =
1

1− p

∫ 1

p

F←(u)du := γp(F
←).

By using this representation, we prove a central limit theorem for the importance
sampling estimate of expected shortfall, γp(1− F

←

ν,N ), under additional conditions
on ̺.

The best changes of measure for simulating quantile-based risk measures turn
out to be the same as for the simulation of tail probabilities P (X > λp), where
λp is the true (unknown) quantile. Assuming that the random variables {Xi}∞i=1

are regularly varying, we show that the importance sampling estimators for quan-
tiles and expected shortfall have bounded relative error if the importance sampling
measures have bounded relative error for tail probability estimation. Hence, impor-
tance sampling algorithms developed for estimation of tail probabilities are good
candidates for estimation of quantiles as well.

Since we are trying to estimate λp, it is not available for use in the algorithm.
However, for regularly varying distributions we also show that algorithms con-
structed for estimating P (X > cλp), c > c0 > 0 have bounded relative error as
well. Hence, an incorrect specification of the quantile used in the measure change
will still yield an algorithm with bounded relative error.

We then study the case when X is given by a random walk, and consider the
algorithms from the previous paper. We show that they are efficient for estimation
of quantiles and illustrate by numerical examples. We find that the importance
sampling estimators are superior to the standard Monte Carlo estimator.
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Large deviations for heavy-tailed factor models

Approximation of distributions is a classical problem in probability theory. Of
particular interest is the approximation of distributions of sums of random variables.
For approximation of sums of independent identically distributed (i.i.d.) random
variables, the central limit theorem is the most fundamental result. Although the
central limit theorem provides accurate approximation of the central part of the
distribution, it does not suffice in describing its tails. Instead, the behavior in the
tails is more accurately described by large deviation approximations.

In this paper, we study large deviation approximations of tail probabilities for
dependent variables. Specifically, we consider

Sn =
n
∑

i=1

Xi,

where the random variables Xi are defined by a factor model

Xi =

d
∑

j=1

lijFj + ǫi.

The vector of factors F = (F1, . . . , Fd)
′ is assumed to be regularly varying with

limit measure µ and tail index αF . This means that there exist a sequence an →∞
and a measure µ on R

d such that

lim
n→∞
nP (a−1

n F ∈ B) = µ(B) (2)

and µ(B) <∞ for every Borel set B ⊂ R
d satisfying 0 /∈ B and µ(∂B) = 0, where B

and ∂B denote the closure and boundary of B, respectively. The definition implies
that the measure µ satisfies µ(tB) = t−αF µ(B) for some αF > 0 and t > 0.

The factor loadings lij are given by a n× d random matrix Λ = (lij), where the
rows li = (li1, . . . , lid) are i.i.d. copies of a random vector l = (l1, . . . , ld) satisfying
E|lj |αF+δ < ∞ for j = 1, . . . , d and some δ > 0. The moment condition ensures
that large deviations of the factor part are due to the factors and not the factor
loadings.

The idiosyncratic variables ǫi are assumed to be i.i.d. and regularly varying with
tail index αǫ and expected value 0.

When studying asymptotic tail probabilities for the sum Sn, there are two main
possibilities to study. The first is when n→∞. In this case, we have that

lim
n→∞

P (Sn > nx)

P (
∑n
i=1

∑d
j=1 lijFj > nx)

= 1,

since n−1
∑n
i=1 ǫi → 0 a.s. as n → ∞ by the law of large numbers. Hence, the

idiosyncratic part becomes less relevant. In financial factor models this is referred
to as diversification.
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The second possibility is when x → ∞. In this case, we have that the part
with smallest tail index, or heaviest tail, dominates the probability. Assuming that
αǫ < αF , we have

lim
x→∞

P (Sn > x)

P (
∑n
i=1 εi > x)

= 1.

Furthermore, the subexponential property of regularly varying distributions yields

lim
x→∞

P (
∑n
i=1 εi > x)

nP (ε1 > x)
= 1.

In this paper, we find asymptotic approximations of the tail probability as x→
∞ and n→∞ simultaneously. Asymptotic approximations of this kind are called
large deviation probabilities.

Obviously, the growth rate of xn as n → ∞ determines the behavior of the
tail probability. Conditions on xn can be found under which the subexponential
property above holds as n → ∞. For example, Mikosch and Nagaev (1998) find
regions of xn for which

lim
n→∞

P (
∑n
i=1 Zi > xn)

nP (Z1 > xn)
= 1

for several heavy-tailed distributions.
Assuming that αF > αε > 2, we find conditions under which the two parts of

the factor model both contribute to the tail probability. If the rate is sufficiently
high, the idiosyncratic part

∑n
i=1 ǫi dominates. If the rate is low, the factor part

dominates. This is consistent with the above reasoning. We also find a certain rate
at which both parts contribute to the probability, in the sense that

lim
n→∞

P (Sn > xnt)

P (|F | > xn/n)
= t−αF µ

(

(El)−1(1,∞)
)

+ t−αεpC, (3)

where C is a parameter depending on the slowly varying functions the involved
distributions.

The asymptotic spectrum of the EWMA covariance

estimator

Estimating covariance matrices is a problem of great importance in finance. Many
theories of portfolio management use the covariance matrix to measure risk and
dependence. When the number of assets grows very large, estimation becomes dif-
ficult, mainly because of the large number of covariances that need to be estimated.
Since the amount of data is limited, this poses a real problem.

Even if a sufficiently large data set is available, it is often desirable to use a
short data set with as recent data as possible, because of the changing behavior on
the financial markets.
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One model that addresses this problem is the exponentially weighted moving
average (EWMA) covariance estimator. For a N ×n matrix containing N indepen-
dent observations of an n-dimensional random vector,

Xn = (Xij)
N,n
i,j=1,

the EWMA estimator is defined as

E = X ′nTnXn,

where

Tn =
1− α

1− αN(n)
diag{αN(n)−1 . . . , α, 1},

and α ∈ (0, 1). Typically, α ≈ 0.95 in practice.
When estimating covariance matrices for e.g. financial applications, the dimen-

sion n is often of the same order of magnitude as N , and one often wishes to reduce
the dimensionality. This can be done in several ways. One may for instance de-
fine a factor model to describe the dependence structure of the random vector in
question. A popular approach is to choose these factors in a strictly statistical way
using principal component analysis. Principal component analysis uses the singular
value decomposition of Xn and approximates Xn by only using some of the sin-
gular values in the decomposition. The approximation of the covariance matrix is
then given by the spectral decomposition of the sample covariance matrix based on
Xn, i.e. the decomposition given by the eigenvalues and eigenvectors. The number
of eigenvalues and eigenvectors can be chosen by different methods, ranging from
ocular inspection to rules of thumb based on the size of the eigenvalues.

In Laloux et al. (1999), results from random matrix theory were used to study
sample covariance matrices of financial data. It was found that a very small part
of the empirical spectrum differed from the spectrum of a random matrix, which
was seen as an indication that only a few factors, or principal components, were
relevant for covariance estimation and the rest were “noise”. In this approach, the
object of study is the empirical spectral distribution, defined as

FX′
n
TnXn(x) =

1

n
{number of eigenvalues of X ′nTnXn ≤ x},

where Tn for a sample covariance matrix is just N−1diag{1, . . . 1}. By finding the
asymptotic spectral distribution F ,

lim
n→∞

1

n
FN−1X′

n
Xn(x) = F (x), a.s.,

one can compare the spectrum of the matrixXn with the asymptotic approximation
F . In the case of a sample covariance matrix the asymptotic spectral density is given
by the Marčenko-Pastur law.
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Example 4 (The Marčenko-Pastur law). Let Xn be a N×n matrix with i.i.d. real-
valued elements with mean zero and variance 1 and assume that N/n → c > 1 as
n → ∞. The asymptotic spectral density of the sample covariance matrix is then
given by

f(x) =
c

2πx

√

(x− λ−)(λ+ − x),

where λ+ = (1 + 1/
√
c)2, λ− = (1− 1/

√
c)2.

Pafka et al. (2004) performed a similar study on a restricted version of the
EWMA estimator, where N → ∞ separately, with similar results. They also con-
ducted a study of portfolio optimization using their estimates. Their results rely
on non-rigorous derivation of the asymptotic spectral distribution.

This paper calculates the asymptotic spectral distribution of the EWMA esti-
mator by using a recent version of a classical theorem by Marčenko and Pastur
(1967). The used result is due to Bai and Silverstein (1995) and treats convergence
of empirical spectral distributions under general conditions. In this way, we provide
rigor and treat the general form of the EWMA estimator.

We study the boundaries of the support of the asymptotic density and compare
the asymptotic distribution to the eigenvalues of a sample EWMA covariance matrix
of a particular financial time series.

It is also illustrated that other forms of weighting can be treated in a similar
way.

12



Bibliography

Asmussen, S. and Binswanger, K., 1997. Ruin probability simulation for subexponential
claims. ASTIN Bull. 27, 297-318.

Asmussen, S. and Kroese, D.P., 2006. Improved algorithms for rare event simulation with
heavy tails. Adv. Appl. Probab. 38, 545-558.

Bassamboo, A., Juneja, S. and Zeevi, A., 2007. On the efficiency loss of state-independent
importance sampling in the presence of heavy-tails. Oper. Res. Lett. 35, 251-260.

Dupuis, P., Leder, K. and Wang, H., 2007. Importance sampling for sums of random
variables with regularly varying tails. ACM Trans. Model. Comput. Simul. 17(3).

Glynn, P., 1996. Importance sampling for Monte Carlo estimation of quantiles. Mathe-
matical Methods in Stochastic Simulation and Experimental Design: Proceedings of
the 2nd St. Petersburg Workshop on Simulation 180-185. Publishing House of Saint
Petersburg University.

Laloux, L., Cizeau, P., Bouchaud, J.-P. and Potters, M., 1999. Noise dressing of financial
correlation matrices. Phys. Rev. Lett. 83, 1467-1470.

Laloux, L., Cizeau, P., Bouchaud, J.-P. and Potters, M., 2000. Random matrix theory and
financial correlations. Int. J. Theor. Appl. Finance 3, 391-397.

Mikosch, T. and Nagaev, A.V., 1998. Large deviations of heavy-tailed sums with applica-
tions to insurance. Extremes 1, 81-110.

Pafka, S., Potters, M. and Kondor, I., 2004. Exponential weighting and random-matrix-
theory-based filtering of financial covariance matrices for portfolio optimization.
arXiv:cond-mat/0402573.

Silverstein, J.W. and Bai, Z.D., 1995. On the empirical distribution of eigenvalues of a
class of large dimensional random matrices. J. Multivariate Anal. 54, 175-192.

van der Vaart, A.W. and Wellner, J.A., 1996. Weak Convergence and Empirical Processes.

Springer-Verlag, New York.

13


