Comparison of Three Algorithms for Lévy Noise Generation

Matteo Leccardi

Tethis S.r.l., via Boschetti 1, Milano, Italy

Abstract

In this paper, we describe three algorithms for the generation of symmetric Lévy noise and we
discuss the relative performance in terms of time of execution on an Intel Pentium M processor at
1500 MHz. The relative performance of the three algorithm is given as a function of the Lévy stable

index o and of the number of produced random points.
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1 Introduction

In the first section of this paper, we recall some definitions and basic properties of Lévy processes
and o-stable stochastic variables, in section 2 we describe three different algorithms for generation
of orstable pseudo-random numbers, in section 3 we analyze the time performance of the
algorithms and in section 4 we state our conclusions.

We can define a Lévy process as a stochastic process with both stationary and independent
increments.

A distribution F is called infinitely divisible if for any n > 1 it can be expressed as the n-th fold
convolution G of some distribution G (that depends on n).

There exist a strong link between Lévy processes and infinitely divisible distributions, in fact it can
be shown that, if X(7) is a Lévy process, then its distribution for any ¢ is infinitely divisible and, vice
versa, for any infinitely divisible distribution F there exist a Lévy process for which X(1) ~ F. [1, 2,
3, 4]

The cumulant characteristic function of Lévy processes satisfies the Lévy-Khintchine formula

w(6)= iyﬁ—%az + [ (exp(i6x) ~1-i6x1,, v (d) (1.1)



where ye R, 0 >0, and vis a measure on R \ {0} . [5]

These three objects are called Lévy triplet [7, O'Z,V] :

A random variable Y is stable if, for eachne N, with Y,,...,Y independent identically distributed
copies of ¥, ¥, +...+Y, =, bY +c¢ for some constants b=5b(n)>0 and ¢ =c(n)e R.

A stable Y is called orstable, e (0,2],if Y™ =, #°Y +¢ for £>0, for some constant ¢ = c(t)eR;
it can be proved that the constant ¢ is unique. Y is called strictly orstable if ¢(7) =0 for £~0

The relationship between o-stable random variables and Lévy processes is determined by a theorem
stating that a real random variable infinitely divisible Y is o-stable if and only if it has a Lévy triplet

[7, O,V] such that
dv(x)= (cll(o’m) (x)+c, L) (x)) |x|7(a+1) dx (1.2)

for some unique constants ¢y, ¢, >0.

The characteristic function is then

0)—onl 0] exp{—c|9|"[l—iﬂSgn(Q)tan(%ﬂ+i6ﬁ}, azl .

exp{—c|0|{l+iﬂ%sgn(0)10g(|0|)}+i02'}, =1

¢ —c

2e[-1,1] is the

where ae (0,2] is the index of stability or characteristic exponent, [ =
¢ +c,

skewness parameter, ¢ > 0 is a scale factor, and 7€ R is the location parameter (the mean value if
ae(1,2]). [6]
For Y with the above characteristic function we write ¥ ~ S, (¢, 5,7).

There exist an explicit formula to simulate o~stable random variables, as a function of two

independent variables w and ¢ with uniform distribution in the range (—7/2,7/2) and standard

exponential distribution, respectively
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2 Description of the algorithms

As stated in the introduction, we tested three different algorithms for generating o-stable random

variables. The algorithms have been written in Matlab®.

2.1 Mantegna’s algorithm

The first algorithm we tested (Mantegna) is described in [7]; it can produce random numbers

according a symmetric Lévy stable distribution.

The function needs as input the distribution’s parameters o€ [0.3,1.99] and ¢ > 0, the number of

iterations n and the number of random points to be produced; without this last input, the output
consists of a single number. If an input parameter is outside the valid range, an error message is
displayed and the output consists of a array of NaNs.

The algorithm can be split into three steps; the first one is to calculate

v=—o 2.1)
¥
where x and y are normally distributed stochastic variables. If we put
e
o (a)= I'(1+o)sin(7e/2)
T((1+a)/202 ") (2.2)
o, =1

the resulting distribution has the same behaviour of a Lévy distribution for large values of the

random variable (|v| >0).

Using the nonlinear transformation

w={[K (a)-1]e" +1}v (2.3)
the sum
1 n
ch = ]/0( zwk (24)
n =

quickly converges to a Lévy stable distribution. The convergence is assured by the central limit
theorem.

The value of K() can be obtained analytically



K(e)= (2.5)

of ((a+1)2a)[ o ((a+1)/2) |°
I(l/e) [(o+1)sin(7e/2)
while C(@) is the result of a polynomial fit of the values tabulated in [7], obtained resolving the

integral equation.

2.2 McCulloch’s algorithm

The second algorithm has been encoded in Matlab by J. H. McCulloch at Ohio State University [8]
and is based on the method described in [9]; the function returns an nxm matrix of random numbers
with characteristic exponent ¢, skewness parameter [, scale ¢, and location parameter 7. The
minimum value for « is 0.1 because of the non-negligible probability of overflow. As in the
previous function, when an input is out of the valid range, the output is a matrix of NaNs.

We will only consider the symmetric case f=0.

The algorithm uses the formula (1.4), that, if /=0, reduces to

xz{cos((l—a)(p)};l(sin(a(p)] iy 2.8)

w cos ()

R~

Two special cases are handled separately:

o=2 (Gaussian case)
x=c2\wsin(p)+7 (2.9)
o=1 (Cauchy case)

x=ctan(@)+7 (2.10)

2.3 Rejection algorithm

The third algorithm relies on the rejection method [10].
The function needs as input the distribution’s parameters ¢ and c, the half-width of the interval to

be considered M and the number of random points to be produced; without this last input the output



consists of a single number. If an input parameter is outside the valid range, an error message is
displayed and the output consists of a array of NaNs.
We approximate the probability density of Lévy distribution with the function

f(x)=L,. (%)
x,—0.1<x<x +0.1
x,=-M+0.2(i-1) (2.11)

lﬁiﬁ%+l
0.2

where L, (x) is the probability density function (pdf) of a Lévy symmetrical stable process; the

value is obtained by numerical integration of
L, (x):; [ exp(=c67)cos(6x)do (2.12)

Then we extract two random numbers, x and x2, the first one belongs to a uniform distribution in
the range [-M,M]; the second follows the same distribution but lies between 0 and the probability
density maximum. If x2 is less than f(x), x is a valid choice, otherwise it is rejected and another

couple of number is extracted.

3 Test

We run the tests using a laptop PC by HP*, model Compaq nx5000, equipped with 1.5 GHz Intel”
Pentium® M processor, 512 MB of RAM and Windows XP home edition operating system. We set
on the PC the Home/Office desk power scheme in order to obtain the highest performance state
[11]. We evaluated the execution time, using the Matlab’s Profiler tool, as a function of ¢ and of the
number of points N; the scale factor ¢ was set to 1. Each value is the mean of five trials. The results
are expressed in seconds and are approximate to two decimal places, because the resolution of the

tool is about 15 ms.

3.1 Mantegna’s algorithm

We tested Mantegna’s algorithm setting the number of iterations to 10, for « greater than 0.75; with
these values, an excellent agreement between the simulated process and the Lévy distribution is
assured. With « less than 0.75, we put the number of iterations to 100; this limited the maximum N

to 100000, because of memory limitations.



Table 1: Execution times (seconds) for Mantegna’s algorithm.

o 1000 10000 | 100000 | 200000 | 450000 | 1000000
0.30 0.11 0.93 9.20
0.40 0.10 0.92 9.22
0.50 0.05 0.39 3.77
0.60 0.10 0.91 9.25
0.70 0.10 0.92 9.18
0.80 0.02 0.10 0.92 1.84 4.20 9.33
0.90 0.02 0.10 0.92 1.82 4.17 9.25
1.00 0.00 0.05 0.44 0.84 1.97 4.37
1.10 0.02 0.09 0.91 1.81 4.13 9.14
1.20 0.02 0.09 0.91 1.80 4.10 9.11
1.30 0.02 0.10 0.90 1.79 4.09 9.08
1.40 0.02 0.10 0.90 1.78 4.07 9.03
1.50 0.01 0.10 0.89 1.79 4.06 9.00
1.60 0.02 0.09 0.89 1.77 4.06 8.98
1.70 0.02 0.10 0.90 1.76 4.03 8.95
1.80 0.01 0.09 0.88 1.74 4.02 8.89
1.90 0.01 0.10 0.90 1.75 4.01 8.85
1.95 0.02 0.09 0.88 1.75 4.00 8.86
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Figure 1: Surface plot of execution time for Mantegna’s algorithm.
The algorithm is more efficient with o= 0.5, 1 because the parameter is used as a denominator of
an exponent (lines 36, 38, 39, 45), and the calculation of integer powers is faster.

The execution time slightly decreases when « increases.

Table 2: Detailed analysis of execution time of a single test; the report is generated by the Profiler tool.

Input parameters: ¢=1.5,c=1,n =10, N =1000000

Line number | Code Calls | Total time | % time
38 v = sigx*randn(n,N)./abs(... |1 7.63 s 82%
43 w = ((kappa-1)*exp(-abs(v... | 1 1.50 s 16%
45 z = (1/n*invalpha)*sum(w)... | 1 0.14 s 2%

49 z = g"invalpha*z; 1 0.05s 1%




41 p=[-17.7767 113.3855 ... 1 0.00 s 0%

All other lines 0.00 s 0%

Totals 9.32s 100%

The detailed analysis in table 2 shows that more than 80% of the total time is spent to execute the

first step in the algorithm, the calculation of v (see (2.1)).

3.2 McCulloch’s algorithm

We used McCulloch’s algorithm to create one-dimensional arrays and set location parameter 7to 0.

Table 3: Execution times (seconds) for McCulloch’s algorithm.

o 1000 10000 | 100000 | 200000 | 450000 | 1000000

0.10 0.01 0.02 0.11 0.23 0.49 1.07

0.20 0.00 0.01 0.10 0.22 0.48 1.05
0.30 0.00 0.02 0.21 0.42 0.90 2.00

0.40 0.01 0.03 0.20 0.40 0.91 2.00

0.50 0.01 0.01 0.09 0.19 0.44 0.96

0.60 0.00 0.02 0.20 0.40 0.88 1.98
0.70 0.00 0.02 0.21 0.40 0.90 1.98

0.80 0.00 0.02 0.21 0.41 0.89 1.98

0.90 0.01 0.03 0.20 0.40 0.88 1.97

1.00 0.00 0.01 0.05 0.12 0.26 0.57
1.10 0.01 0.02 0.20 0.40 0.89 1.97

1.20 0.01 0.02 0.20 0.40 0.90 1.99

1.30 0.01 0.02 0.20 0.40 0.90 1.98

1.40 0.01 0.03 0.20 0.40 0.90 1.99
1.50 0.00 0.03 0.20 0.41 0.91 2.00

1.60 0.01 0.03 0.21 0.41 0.91 2.03

1.70 0.01 0.02 0.22 0.42 0.91 2.04

1.80 0.00 0.02 0.21 0.42 0.92 2.06
1.90 0.00 0.02 0.21 0.42 0.91 2.05

2.00 0.00 0.01 0.08 0.15 0.32 0.74




Figure 2: Surface plot of execution time for McCulloch’s algorithm.

The execution time is almost negligible for N<10000.
The algorithm is more efficient for = 0.1, 0.2, 0.5 because this parameter is used as a denominator
of an exponent (line 127), and the calculation of integer powers is faster.

With ¢= 2 and o= 1 the function uses different formulae (lines 116, 125).

Table 4: Detailed analysis of a single test.

Input parameters: ¢=1.5,c=1, N =1000000

Line number | Code Calls | Total time | % time
127 x = ((cos((1-alpha)*phi) ... | 1 1.58s 78%
112 w = -log(rand(m,n)); 1 0.27 s 13%
113 phi = (rand(m,n)-.5)*pi; 1 0.11s 5%
152 x =delta+c¢ * x; 1 0.02s 1%
126 else 1 0.02s 1%
All other lines 0.02's 1%
Totals 2.02s 100%

In this case the analysis shows that less than 20% of the total time is spent to extract the random
variables, and the time spent in the rest of calculations is comparable to the corresponding time in

Mantegna’s algorithm, 1.62 s for McCulloch’s and 1.69 s for Mantegna’s.

3.3 Rejection algorithm

We extracted random numbers with rejection algorithm in the range [-10,10].

Table 5: Execution times (seconds) for rejection algorithm.

o 1000 10000 | 100000 | 200000 450000 | 1000000
0.10 32.67 | 32.95 3441 36.42 40.22 48.96
0.20 30.95 30.98 33.21 36.08 41.66 54.36
0.30 28.28 | 28.60 31.33 34.63 42.51 59.34




0.40 19.21 19.39 20.97 22.86 27.38 37.06
0.50 7.00 7.11 8.08 9.20 11.94 17.92
0.60 3.93 4.00 4.71 5.52 7.53 11.92
0.70 2.49 2.55 3.14 3.82 5.44 9.04
0.80 1.92 1.96 248 3.07 4.72 7.66
0.90 1.59 1.61 2.10 2.65 3.96 6.84
1.00 1.28 1.34 1.79 2.28 3.53 6.24
1.10 1.24 1.29 1.71 2.21 3.39 5.97
1.20 1.18 1.22 1.64 2.12 3.26 5.78
1.30 1.14 1.19 1.58 2.05 3.16 5.63
1.40 1.07 1.11 1.52 1.97 3.06 5.48
1.50 1.02 1.05 1.45 1.91 2.97 5.35
1.60 0.91 0.95 1.34 1.77 2.86 5.19
1.70 0.90 0.93 1.32 1.75 2.83 5.18
1.80 0.88 0.91 1.30 1.73 2.79 5.11
1.90 0.82 0.85 1.24 1.67 2.74 5.06
2.00 0.74 0.79 1.16 1.60 2.66 4.98

Time (s)

Figure 3: Surface plot of execution time for rejection algorithm, the ¢ axis is inverted to ease reading.

With low values for & Matlab produces the warning: Maximum function count exceeded in
quadl.m, during the calculations for the probability density of the Lévy distribution; for the tests we
suppressed this warning.

The execution time shows a strong dependence on the value of ¢, the main contribution comes from
the calculation of Lévy pdf, for example increasing ¢ from 0.2 to 1.8 reduces the time from about
30 s to less than one second (see tables 6 and 7). The execution time is also affected by the ratio of
accepted points to the total produced random numbers.

With less than 100000 points, the time spent to extract random numbers is almost negligible

compared to the calculation of Lévy pdf.



Table 6: Detailed analysis of a single test.

Input parameters: ¢=0.2,c=1, M =10, N = 1000

Line number | Code Calls | Total time | % time
31 fx = levypdf([-M:0.2:M], ... | 1 2998 s 99.9%
32 x2M = levypdf(0, alpha, g... | 1 0.02's 0.1%
40 end 34474 1 0.00 s 0%

38 x(k) = 2*M*rand-M; 34474 1 0.00 s 0%

39 x2 = rand*x2M; 34474 | 0.00 s 0%

All other lines 0.00s 0%
Totals 30.00 s 100%
Table 7: Detailed analysis of a single test.

Input parameters: = 1.8, c=1, M= 10, N = 1000000

Line number | Code Calls Total time | % time
40 end 5676623 | 1.08 s 21%
31 fx = levypdf([-M:0.2:M], ... | 1 0.83s 16%
38 x(k) = 2*M*rand-M; 5676623 | 0.37 s 7%
39 x2 = rand*x2M; 5676623 | 0.27 s 5%
37 while(x2 > fx(1+floor(... 1000000 | 0.19 s 4%
All other lines 2.34s 46%
Totals 5.08 s 100%

4 Conclusions

McCulloch’s algorithm is the fastest for every value of N and ¢, this is due to the low number of
random numbers used to calculate each output value: it uses two uniform random variables, while
Mantegna’s uses 2n normal variables (where n is the number of iterations); with the rejection
algorithm the ratio of accepted points to the total produced random numbers is strongly dependent
on the value of « and on the width of the considered interval, for the cases we studied it
approximately varies from 1/35 to 1/6 (see tables 6 and 7).

The rejection algorithm is faster than Mantegna’s for large values of N and ¢; it could be more
efficient using a different method to calculate the Lévy probability density, instead of numerical
integration.

Mantegna’s algorithm can be a valid choice for hardware implementation, because it relies on

simpler calculations than McCulloch’s; it is faster when ¢ is in the range [0.75,1.95].
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Appendix: Matlab programs

% MANTEGNA. M

% St abl e random nunber gener at or

% Based on the nethod of R N. Mantegna "Fast, accurate algorithmfor
% nunerical simulation of Lévy stable stochastic processes”

% Physi cal Review E 49 4677-83 (1994)

function z = mantegna(al pha, c, n, N)

OCoo~NOUAWNE

% Errortraps:
if (alpha < 0.3 | alpha > 1.99)
disp('Valid range for alpha is [0.3;1.99].")
z = NaN * zeros(1,N);
return
end
if (c <=0)
di sp(' ¢ nust be positive.")
z = NaN * zeros(1,N);

NRPRRRRRRRERRRPE
CQOWONOUIDMWNRFRO

return

end
21 if (n<1)
22 di sp(' n nmust be positive.")
23 z = NaN * zeros(1,N);
24 return
25 end
26 if nargin<4
27 N=1;
28 end
29 if (N<=0)
30 di sp(' N nmust be positive.")
31 z = NaN;
32 return
33 end
34
35 i nval pha = 1/ al pha;
36 si gx = ((gamma(1+al pha)*si n(pi *al pha/ 2))/ (gamra((1+al pha)/2)...
37 *al pha*2~((al pha-1)/2)))"i nval pha;
38 v = sigx*randn(n, N)./abs(randn(n, N))."inval pha;
39 kappa = (al pha*ganma( (al pha+l)/(2*al pha)))/ganma(inval pha). ..
40 *((al pha*gamua( (al pha+1)/2))/ (gamma(1+al pha) *si n(pi *al pha/ 2)))"i nval pha;
41 p = [-17.7767 113.3855 -281.5879 337.5439 -193.5494  44.8754];
42 ¢ = polyval (p, alpha);
43 w = ((kappa-1)*exp(-abs(v)/c)+1).*v;
44 if(n>1
45 z = (1/n”inval pha)*sum(w) ;
46 el se
47 zZ =W
48 end
49 z = c”inval pha*z;
1 % STABRND. M
2 % St abl e Random Number Generator (MCulloch 12/ 18/ 96)
3
4 function [x] = stabrnd(al pha, beta, c, delta, m n)
5
6 % Returns mx n matrix of iid stable random numbers w th
7 % characteristic exponent alpha in [.1,2], skewness paraneter
8 % betain [-1,1], scale ¢ > 0, and |ocation paraneter delta.
9 % Based on the nethod of J.M Chanbers, C. L. Mallows and B.W

10 % Stuck, "A Method for Sinulating Stable Random Vari abl es, "

11 % JASA 71 (1976): 340-4.

12 % Encoded in MATLAB by J. Huston MCulloch, Onhio State

13 % University Econ. Dept. (nctculloch.2@su.edu). This 12/18/96
14 % version uses 2*nfn calls to RAND, and does not rely on

15 % the STATI STICS t ool box.
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% The CVS nethod is applied in such a way that x will have the
% log characteristic function

% log E exp(ixt) = i*delta*t + psi(c*t),

% where

% psi(t) = -abs(t)”™al pha*(1-i*beta*sign(t)*tan(pi*al pha/2))
% for al pha ~= 1,

% = -abs(t)*(1+i *beta*(2/pi)* S|gn(t)*log(abs(t)))

% for al pha =

% Wth this paraneterization, the stable cdf S(x; al pha, beta,
% c, delta) equals S((x-delta)/c; alpha, beta, 1, 0). See ny
% "On the paranetrization of the afocal stabl e di stributions,"
% _Bull. London Math. Soc._ 28 (1996): 651-55, for details.

% When al pha = 2, the distribution is Gaussian with nean delta
% and variance 2*c”2, and beta has no effect.

% When al pha > 1, the nean is delta for all beta. Wen al pha
% <=1, the nmean is undefi ned.

% When beta = 0, the distribution is symmetrical and delta is

% the nedian for all alpha. Wen alpha = 1 and beta = 0, the
% distribution is Cauchy (arctangent) with median delta.

% When the submitted alpha is > 2 or < .1, or beta is outside

% [-1,1], an error nessage is generated and x is returned as a
% matrix of NaNs.

% Alpha < .1 is not allowed here because of the non-negligible
% probability of overfl ows.

% I1f you're only interested in the symetric cases, you may j ust
% set beta = 0 and skip the foll ow ng considerations:

% When beta > 0 (< 0), the distribution is skewed to the right

% (left).

% When al pha < 1, delta, as defined above, is the unique fractile
% that is invariant under averaging of iid contributions. |

% call such a fractile a "focus of stability.” This, like the
% nmean, is a natural |ocation paraneter.

% When al pha = 1, either every fractile is a focus of stability,
% as in the beta = 0 Cauchy case, or else there is no focus of
% stability at all, as is the case for beta ~=0. In the latter
% cases, which | call "afocal," delta is just an arbitrary

% fractile that has a sinple relation to the c.f.

% When al pha > 1 and beta > 0, nmed(x) nust lie very far bel ow

% the nean as al pha approaches 1 from above. Furthernore, as
% al pha approaches 1 from below, ned(x) must lie very far above
% the focus of stability when beta > 0. |If beta ~= 0, there

% is therefore a discontinuity in the distribution as a function
% of al pha as al pha passes 1, when delta is held constant.

% CVS, following an insight of Vladimr Zolotarev, renove this

% discontinuity by subtracting

% bet a*c*tan(pi *al pha/ 2)

% (equivalent to their -tan(al pha*phi0)) fromx for al pha ~=1
% in their program RSTAB, a.k.a. RNSTA in IMSL (fornmerly GGSTA).
% The result is a random nunber whose distribution is a contin-
% uous function of al pha, but whose |ocation paraneter (which I
% call zeta) is a shifted version of delta that has no known

% interpretation other than conputational convenience.

% The present programrestores the nore meani ngful "delta"

% paraneterization by using the CMS (4.1), but with

% beta*c*tan(pi*al pha/2) added back in (ie with their initial

% tan(al pha*phi 0) deleted). RNSTA therefore gives different

% results than the present program when beta ~= 0. However,

% the present beta is equivalent to the CVMS beta' (BPRIME).

% Rat her than using the CM5 D2 and exp2 functions to conpensate
% for the ill-condition of the CVs (4.1) when al pha is very

% near 1, the present program nmerely fudges these cases by

% conputing x fromtheir (2.4) and adjusting for

% beta*c*tan(pi*al pha/2) when alpha is within 1.e-8 of 1.

% This should make no difference for simulation results with

% sanples of size |less than approxi mately 1078, and then

% only when the desired alpha is within 1.e-8 of 1, but not

% equal to 1.

% The frequently used Gaussi an and synmetric cases are coded

% separately so as to speed up execution.

% Addi tional references:

% V.M Zolotarev, _One Dinensional Stable Laws_, Anmer. Math.

% Soc., 1986.

% G Sanorodnitsky and M S. Taqqu, _Stable Non-Gaussi an Random

% Processes_, Chapman & Hll, 1994.

% A. Janicki and A. Weron, _Sinulaton and Chaotic Behavior of

% Al pha-Stabl e Stochastic Processes_, Dekker, 1994.

% J.H MCulloch, "Financial Applications of Stable Distributons,"”



% _Handbook of Statistics_ Vol. 14, forthcom ng early 1997.

% Errortraps:
if alpha < .1 | alpha > 2
di sp(' Al pha nmust be in [.1,2] for function STABRND. ')
al pha
x = NaN * zeros(mn);
return
end
if abs(beta) > 1
di sp('Beta nust be in [-1,1] for function STABRND.')
bet a
x = NaN * zeros(mn);
return
end

% Gener at e exponential w and uniform phi:
w = -log(rand(mn));
phi = (rand(mn)-.5)*pi;

% Gaussi an case (Box-Muiller):
if alpha == 2
X = (2*sqrt(w) .* sin(phi));
x = delta + c*x;
return
end

% Symetrical cases:
if beta ==
if alpha == 1 % Cauchy case
x = tan(phi);
el se
x = ((cos((21-al pha)*phi) ./ w) .~ (1/alpha - 1)
.* sin(alpha * phi) ./ cos(phi) .~ (1/alpha));
end

% Cener al cases:
el se
cosphi = cos(phi);
if abs(alpha-1) > 1.e-8

zeta = beta * tan(pi*al pha/2);
aphi = al pha * phi;
alphi = (1 - alpha) * phi;
X = ((sin(aphi) + zeta * cos(aphi)) ./ cosphi)
.* ((cos(alphi) + zeta * sin(alphi))
.l (w.* cosphi)) .~ ((1-alpha)/alpha);
el se

bphi = (pi/2) + beta * phi;

x = (2/pt) * (bphi .* tan(phi) - beta * log((pi/2) * w...

.* cosphi ./ bphi));
if alpha ~= 1
X = X + beta * tan(pi * al phal/2);
end
end
end

% Fi nal e:

Xx = delta + ¢ * x;
return

% End of STABRND. M

% REJFAST. M

% St abl e random nunber generator, based on rejection nmethod

function x = rejfast(alpha, ¢, M N

% Errortraps:

if (alpha <= 0| alpha > 2)
di sp('Valid range for alpha is (0;2].")
x = NaN * zeros(1,N);
return

end

if (c <=0)
di sp(' ¢ nust be positive.")
x = NaN * zeros(1,N);
return

end

if (M<=0)
di sp(' M nust be positive.")



19 X = NaN * zeros(1, N);

20

21 end

22 if nargin < 4

23 N=1,

24 end

25 if (N <= 0)

26 di sp(' N nust be positive.")

27 x = NaN

28 return

29 end

30

31 st ep=0. 2;

32 fx = levypdf ([-Mstep: M, alpha, c);

33 x2M = | evypdf (0, al pha, c);

34 x = zeros(1,N);

35 for k = 1IN

36 X2 = X2M+1;

37 x(k) = 0;

38 whi | e(x2 > fx(1+floor((x(k)+step/2+M/step)))

39 x(k) = 2*Mrand-M

40 x2 = rand*x2M

41 end

42 end
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