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ON EXACT SAMPLING OF NONNEGATIVE
INFINITELY DIVISIBLE RANDOM VARIABLES
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Abstract

Nonnegative infinitely divisible (i.d.) random variables form an important class of random
variables. However, when this type of random variable is specified via Lévy densities
that have infinite integrals on (0, 00), except for some special cases, exact sampling is
unknown. We present a method that can sample a rather wide range of such i.d. random
variables. A basic result is that, for any nonnegative i.d. random variable X with its
Lévy density explicitly specified, if its distribution conditional on X < r can be sampled
exactly, where r > 0 is any fixed number, then X can be sampled exactly using rejection
sampling, without knowing the explicit expression of the density of X. We show that
variations of the result can be used to sample various nonnegative i.d. random variables.
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1. Introduction

Nonnegative infinitely divisible (i.d.) random variables are important in many regards;
however, their sampling in general is an involved issue. By the Lévy—Khintchine formula,
a nonnegative i.d. random variable can be represented as a series of jump times of a Poisson
process [4], [33]. On the one hand, the series representation is the basis of many exact or
approximate sampling methods [3], [8], [11], [32]. On the other hand, if an i.d. random variable
has an infinite Lévy measure on (0, co) then, with probability 1, its series representation has
infinitely many positive random terms, which cannot be summed in closed form but have to
be added one by one. This rules out exact sampling of the random variable in a finite number
of steps.

Conceptually, it is important and interesting to see which nonnegative i.d. random variables
can be sampled exactly. There are actually many such random variables, the most familiar being
gamma, Pareto, Fisher, F, Gumbel, Weibull, log-normal, and half-Cauchy variables [33]-[35].
It is known that positive random variables which have log-convex densities or are mixtures
of gamma random variables with the same shape parameter in (0, 2] are i.d. [6], [33], [35].
Since these random variables have analytically tractable density functions, they can be sampled
exactly. A special class of i.d. random variables, known as Vervaat perpetuities, can also
be sampled exactly by carefully exploiting their structures [15]-[17], [22]. It is also well
known that nonnegative stable random variables and their exponentially tilted versions can be
sampled exactly [8], [10], [13], [20], [21], [32]. These random variables not only have explicit
density functions, but explicit Lévy measures as well. Generally speaking, in view of the
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Lévy—Khintchine formula, it is natural to specify an i.d. random variable via its Lévy measure;
however, other than the aforementioned cases and perhaps a few others, for variables specified
in this way, exact sampling is lacking.

In this paper we show that sampling is achievable for a rather wide range of nonnegative
i.d. random variables specified via Lévy measures. Henceforth, by sampling we mean exact
sampling, and we shall speak interchangeably of the sampling for a Lévy density, the sampling
from the i.d. distribution with the Lévy density, and the sampling of an i.d. random variable
with the Lévy density. To start with, suppose that we wish to sample a nonnegative i.d. random
variable X with an upper truncated Lévy density A(x)1{x < r}, where r > 0 is fixed and A
itself is a Lévy density on (0, co). Many functional relationships between the distribution of X
and that associated with A are known, which can be used to evaluate the (probability) density
of X [11]. However, it is practically (and conceptually) more satisfactory if sampling can be
done without the numerical evaluation of density functions [10]. With this in mind, our goal is
to sample X without knowing its density explicitly.

Our approach starts with the following simple observation: if ¥ > 0 is an i.d. random
variable with Lévy density A then X conditional on X < r and Y conditional on Y < r are
identically distributed. To be sure, represent ¥ as X + Z, where Z consists of jump times
greater than r. Because Z is compound Poisson and independent of X, P{Z = 0} > 0 and
PIX<x|X<r}=PX<x,Z=0]|X <r, Z=0}. Since, for any x < r, the events
{X <x, Z=0}and{Y < x}arethesame,weobtainP{X <x | X <r}=P{Y <x | Y <r}.
Consequently, if we can choose A appropriately so that we know how to sample Y, then we can
sample X conditional on X < r by sampling Y conditional on Y < r, using, say, the rejection
method (cf. [13], [18], [19], and [27]).

The above observation is crucial; however, it cannot singularly lead to the sampling of X.
There are two issues. First, P{X < r} is often unknown, and, hence, the density of X on (0, r]
is known only up to a multiplicative factor. The second issue appears to be more serious. That
is, there is little direct knowledge about the density of X on (7, 00). Since X consists of only
jump times less than r, we have little use of the density of Y on (r, 00), as it involves large jump
times nonexistent in X. Instead, we need to rely on certain relations between the density of X
on (0, r] and its density on (r, co) that are applicable for sampling.

To address the issues, in Section 3 we establish an integral series expansion of the density
of X on (r, 00) in terms of its density on (0, r] and Lévy density. While the expansion contains
infinitely many integrals, it allows exact sampling. In Section 4, a general procedure that
applies rejection sampling to the integral series expansion is presented. Together, the two
sections deliver the following method to sample a nonnegative i.d. random variable. First,
decompose its Lévy density into ¢ + x such that, on some (0, r] # &, ¢ is identical to a Lévy
density A which we know how to sample for, and x > 0 is integrable. Indeed, for ¢, we need
only ¢(t) = [1+ O(t)]A(¢) as t — 0. Once such a decomposition is found, we can sample for
¢ using the procedure in Section 4. Meanwhile, since the i.d. distribution with Lévy density x
is compound Poisson, its sampling is more or less standard, although efficient algorithms can
be found for special cases [13], [18]. The sum of the values independently sampled from the
two i.d. distributions then follows the i.d. distribution we wish to sample.

We note that rejection sampling has long been used to sample i.d. random variables (cf. [12],
[13], and [15]). However, unlike in the procedures of the above-cited works, we do not rely
on explicit approximations to distributions. More precisely, if sampling for a Lévy density is
available then it can be incorporated into our procedure to sample for a whole class of Lévy
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densities without the need to derive new formulae for the densities. Therefore, our procedure
is complementary to available sampling procedures, such as those in [10], [13], and [18].

In Sections 5 and 6 we consider two general designs for our procedure and illustrate them
with examples. The first example deals with the Lévy density ¢(r) = ct~*~11{0 < t < r} with
o € (0, 1) and r € (0, 00). While the sampling for the stable Lévy density cr~*~11{r > 0} is
well known [10], [13], [21], [32], to the best of the author’s knowledge, the sampling for ¢ is
unknown. We will utilize the sampling of the stable distribution to sample for ¢. As a more
concrete example, we next consider the Lévy density ¢(¢) = ¥ (¢) (e’ — D~121{r > 0} with
a0 Dandy(r) =1+ 0()ast — 0. When (1) = e withf <a+1,¢ gives rise to a
Lamperti-stable distribution [9], [25]. In the third example, we apply the procedure to gamma
distributions. Since efficient sampling of gamma distributions has long been known (cf. [13]
and [18]), the point here is that the procedure can be exploited to get some interesting theoretical
results. The above examples are used to illustrate the first design. For the second design, we
give two examples. In the first example, we consider the sampling of Vervaat perpetuities.
Recently, efficient sampling procedures for Vervaat perpetuities have been discovered [16],
[17], [22]. These procedures employ sophisticated coupling techniques for Markov chains and,
depending on the parameter value of the distribution being sampled, their expected numbers
of iterations range from 1 to co. We show that, for any parameter value of the distribution,
by using the second design, the expected number of iterations can be arbitrarily close to 1. In
the second example, we consider the Lévy density ce ™" (1 — t*)1{0 < ¢t < r}/[tIn(1/1)]. We
show that its sampling can be done by incorporating the sampling of Vervaat perpetuities and
the trick of subordination. In all but the theoretical example, we provide some analysis on the
complexity of the procedure.

Finally, for the integral series expansion in Section 3, local boundedness of the probability
density is a required condition. Section 7 gives a simple criterion to check the condition.

2. Preliminaries

2.1. Notation

Henceforth, by Lévy densities we mean those of nonnegative i.d. random variables, which
coincide with measurable functions ¢ > 0 with support in [0, co) and f (A ADe()dr < c©
(cf. [4] and [33]). By i.d. random variable with Lévy density ¢, we mean specifically a random
variable X with Laplace transform E(e—?X) = f (e=f — De(t)dt, 6 > 0. We denote by
ID(¢) the distribution with the Laplace transform. We call X strictly positive if P{X > 0} = 1.
Under this setup, X ~ ID(g) is strictly positive if and only if [ ¢ = oo [11], [30], and in this
case, X has a density with support being the entire [0, 00) [33, Theorems 24.10 and 27.10]. On
the other hand, if [ ¢ < oo then X ~ ID(g) is compound Poisson, with P{X = 0} > 0.

For brevity and when there is no possibility of confusion, a probability density will be referred
to as a density. Denote by Unif (0, 1) the uniform distribution on (0, 1), and, forr > 0,a > 0,
and b > 0, denote by Gamma(a, r) the distribution with density x4 le=*/"1{x > 0}/[r°T (a)]
and by Beta(a, b) the distribution with density x*~'(1 — x)?~11{0 < x < 1}/B(a, b), where
B(a,b) =T (a)T'(b)/ T (a + b). Also, denote Gamma(1, r) by Exp(r). For p € (0, 1), denote
by Binomial(n, p) the law of the sum of n independent and identically distributed (i.i.d.) &;
withP{§& =0} =1—-P{& =1} =1—p.

2.2. Decomposition and exponential tilting

Sampling for a Lévy density can often be built upon the sampling for other Lévy densities.
Suppose that we know how to sample for a Lévy density ¢. If a Lévy density ¢; can be
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decomposed into ¢ + x, with x > 0 being integrable, then we can sample for ¢ by generating
X + &, where X ~ ID(¢p) and £ ~ ID(x) are independent. A standard method to sample
for x is as follows. Sample a Poisson process with intensity x, which has a finite number of
points with probability 1. The sum of the coordinates of the points then follows ID () (cf. [13]
and [18]).

On the other hand, if ¢1 < ¢ then even if x = ¢ — ¢ is integrable, in general, it is unclear
how to sample for ¢ based on ¢. However, suppose that, for some b > 0, ¢1(t) = e_b’go(t),
i.e. @1 is an exponentially tilted version of ¢. It is a standard result that exponential tilting of a
Lévy density induces the same exponential tilting of the corresponding i.d. distribution (up to
a normalizing constant; cf. [1], [4], [8], and [20]). We state the result for later use.

Lemma 2.1. Let ¢ and ¢| be two Lévy densities such that, for some b > 0, @1 (1) = e " (1)
Then, for X1 ~ ID(¢1) and X ~ ID(p), P{X| € dx} = e ?* P{X e dx}/E(e~%¥).

The sampling of exponentially tilted distributions is well known (cf. [18]). More generally,
suppose that, for some b > 0, e (1) < @1(t) < (). Let x(t) = ¢1(t) — e P p(r). We
have x > 0 and, by x(t) < (1 —e ") (1) < [(bt) A 1]p(t), x € L'(0, 00). Then ID(¢;) can
be sampled as follows.

1. Keep sampling (U, X) until U < e ?X where U ~ Unif(0, 1) and X ~ ID(yp) are
independent.

2. Sample & ~ ID(x). Return X + £.

3. An integral series expansion of the density

In this section, let ¢ be a Lévy density with [ ¢ = co. From Section 2, we know that ID(¢)
has a density that has the entire [0, co) as support. We shall derive an integral series expansion
that expresses the density of ID(¢) on (r, co) for a given r > 0 in terms of its density on (0, r]
and Lévy density. Denote by g the density of ID(¢), and let o(¢) = tp(¢)1{r > 0}.

3.1. Main result

Recall that a function is said to be locally bounded on A C R if it is uniformly bounded on
any compact subset of A.

Theorem 3.1. Fix r > 0. Suppose that, for some M > r, g is locally bounded on (0, M).
Define
_ Hx > 0}o(x —v)

X

h(v, x)

and, for each k > 1,

hi(v,x) = / 1{vy > r}th(v, v)h(vy, v2) - - - h(vg, x)dvy - - - dog.

Then, for x € (r, M),
g(x) = /0 ¢(v)dv [h(v,x) + th(v,x):|. (3.1)
k=1

Remark. From A (v, x) = 0 for x < v, it follows that iz (v,x) =0fork > 1and x <r.
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To prove Theorem 3.1, we need the following known result (see [33, Theorem 51.1] and [34,

Corollary 4.2.2]).
Lemma 3.1. Forany x > 0, g(x) = f(f g)h(v, x)dv.

Proof of Theorem 3.1. Equipped with Lemma 3.1, we first show that, given x € (r, M), for

eachn > 1,
g(x) =/ g) dv[h(w) +th(v,x>] + Ry (x),
0 k=1
with
R,(x) = / 1{v > rig()h(v, vi)h(vy, v2) - - - h(v,, x)dvdog - - - doy,.

By Lemma 3.1 and noting that 4 (v, x) = 0 for v > x,

e @]

glx) = /oo g)h(v, x)dv = /r g()h(v, x)dv —i—/ gW)h(v, x)dv.
0 0

r

For g(v) in the last integral, as v > r, expansion (3.3) can be iterated once to yield

g(X)=fO gW)h(v, x)dv

+ /00|:/r gw)h(w, v)dw + /OO g(w)h(w, v) dw]h(v,x)dv.
r 0 r

Making some changes in the variables and regrouping the integrals yields
r o
g(x) = / g) dv[h(v, x) + / h(v, vi)h(vi, X)dvl}
0
o o '
+ / / gW)h(v, v)h(vy, x) dvdoy
r r

= / g)dvlh(v, x) + k1 (v, x)] + Ry (x),
0

(3.2)

(3.3)

which shows (3.2) for n = 1. In general, for g(v) in the integral expression of R, (x),asv > r,

we can iterate expansion (3.3) to obtain

R,(x) = f 1{v > r}[fr gw)h(w, v)dw + /OO g(w)h(w, v) dwi|
0 r
x h(v, v))h(vy, v2) -+ h(v,, x)dvdoy --- do,

= /r g(w) dw|:/ 1{v > r}h(w, v)h(v, v1)h(v1, v2) - - - h(v,, x)dvdoy - - - dvni|
0

+ f gw)l{w > r}1{v > r}h(w, v)h(v, vy) - - - h(vy, x) dwdv doy - - - dv,.

The right-hand side is exactly for g(w)hy41(w, x) dw + R,41(x). Then, by induction, (3.2)

holds.
By the expression for & (v, x),

Ry(x) < sup g(v) x I(x),

velr,x]
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where, writing vp = v and v,4+1 = x,

n
(Vit1 — v;)
In(x):/l{r<v0<v1 <<y <x}1_[gl+—ldvi.
. Vi+1
i=0
Lets; =v; —vi—y1fori=1,...,n+ 1. Thenv; =x —sj4+1 — - — Sp+1, I =0, ..., n,and

I{r<v<vi<---<v, <x}=1Yalls; >0, s1+---+ 5,41 <x —r}. Asaresult,

n+1
I,(x) < pnl / s+ + 541 <x —r} Hg(si)dsi.

i=1

Letting u = fg_r 0, ¥ (s) = 0(s)1{0 < s < x —r}/uis aprobability density. Let&, &1, &, ...
be i.i.d. ~ 1. Then, by the above inequality and Markov’s inequality, for any ¢ > 0,

w n+1
In(x)§<7> P+ -+ &1 <x—r}
w n+l
< <7> Elexp{t(x —r — &1 — - = &)}
_ 6D <ME(e—t§)>n+l
r

Since Ee " — 0 ast — oo, we can find t > 0 such that w E(e %) /r < 1. Fixing such ¢
and letting n — oo, we obtain [, (x) — 0. By assumption, sup, . 1 §(v) < 00, so, by (3.4),
R, (x) — 0. This, together with (3.2) and monotone convergence, yields (3.1).
3.2. Formulation toward rejection sampling

Let g be locally bounded on (0, co). By Theorem 3.1, for all x > 0,

gx)=1{x <rjglx) +1{x > r}/ g(v) dv|:h(v,x) + th(v,x)i|
0

k=1

= /-r g(v) dv|:8(x —v)+h(, x)1{x >r}+ th(v,x)i|,
0

k=1

where ¢ is the delta function and the second equality is due to the fact that hx(v,x) = 0
whenever x < r. Suppose that we know how to sample X conditional on X < r,i.e. from the
density

p(x) =a'gN)1{x <r), 3.5)
where a = for g. The value of a is often unavailable. Since the support of g is [0, 0c0), the
conditional density is well defined. Using the above formula, we can rewrite g as

gx)=a / p) dv|:8(x —v)+h@,x)1{x >r}+ th(v, x):|. 3.6)

k=1

The question is how to use (3.6) to sample from g. In the expansion, é and & should be easy
to handle; however, h1, hy, ... are defined by integrals. In general, for sampling, it is desirable
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to avoid evaluating integrals. With this in mind, we shall first consider densities of the form
gx)=a / p) dv[Z/qi(v, X, w;)v; (dwi)i| for some constant a > 0, 3.7
i

where the sum on the right-hand side has at most countably many terms, the g; > 0 are known
functions, and the v; are o-finite measures on some measurable spaces that may be different
from each other. Besides including (3.6) as a special case, the expansion in (3.7) provides more
flexibility for sampling. For example, if the integral that defines A in (3.6) is complicated
then we may consider using (3.7) to reformulate % as the sum of several integrals over disjoint
regions that are easier to handle. This perspective will be incorporated into the following
discussion.

4. Rejection sampling

4.1. Procedures for general densities

Rejection sampling is an exact sampling method [13], [18], [19], [27]. Let & be a density with
respect to a o -finite measure v. Suppose that 7 is specified as m o g, where ¢ > 0 is a known
function. In standard rejection sampling, an ‘instrumental” density function ¢ with respect to
v and a constant C > 0 have to be identified, so that ¢ can be sampled and g(x) < C¢(x) for
all x. Then the sampling for & proceeds as follows.

e Keep sampling X ~ ¢ and U ~ Unif(0, 1) independently until CU¢ (X) < q(X). Then
output X.

We now turn to the density in (3.7). Suppose that we can find constants C; > 0 and
instrumental functions ¢; (-, -, -) > 0 such that, for all v with p(v) > 0 and i,

C:= ZC,- < 00, gi(v,-,) < Cigi(v, -, ),
7

and

@i (v, -, -) is a probability density with respect to £ x v;,

where ¢ is the Lebesgue measure on R. Under this setup, consider the procedure in the following
algorithm.

Algorithm 4.1. (Rejection sampling for densities of the form (3.7).)
1. Sample Z ~ p and « independently, with P{x =i} = C;/C.
2. Given Z and «, sample (X, W) from the density ¢, (Z, -, -) with respect to £ X V.

3. Sample U ~ Unif(0, 1). If C, U@ (Z, X, W) < q,(Z, X, W) then output X and stop;
otherwise, go back to step 1 and start a new, independent iteration.

Proposition 4.1. Algorithm 4.1 eventually terminates with probability 1, and its random output
follows g in (3.7).
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Proof. First, by integrating (3.7) over x and Fubini’s theorem,

1=/g(x)dx

=afp(v)dv[2/q,-(v,x,wi)dxv,-(dw,-)i|
sa/p(v)dv[zc,-/asi(v,x,wi)dx v,-(dwl-)]

=aC.

Therefore, C > 0 and the sampling of « in step 1 is well defined.
Given a measurable set A C R, for each iteration,

P{X € A is output}

(v, X, W
=/ZP{Zedv,K=i}P{X6A,U§L Z=v,/c=i}
. Cipi(v, X, W)

1

= /p(v)dv;%l:/qﬁi(v,x,w[)l{x € A}dx vi(dwi)P{U < %H

Because g; (v, x, w;) < C;¢; (v, x, w;), whether or not C;¢; (v, x, w;) is positive,

Cigi(v, x, w;) P{U o 9w, x, wi)

- m} = qi (v, x, ;).

As aresult,

P{X € A is output}

é[p(v) dv[lZ/qi(v,x, wi)l{x € A}dx v,-(dw,-)]

é/A dx{/pw)dv[;/qi(v,x,w,-m(dw,-)“

1
aC Ag’

where the last equality is due to (3.7). In particular, letting A = R, for each iteration, the
probability that X is output (and, hence, the procedure stops) is 1/(aC) > 0. This shows that,
on the one hand, in each iteration, P{X € A | X is output} = f 18 and, on the other hand, with
probability 1, the procedure eventually terminates. Because the iterations are independent,
P{X € A at termination} = [ 4 & Since this is true for all measurable A, we obtain X ~ g.

4.2. A procedure for positive i.d. random variables

Let ¢ be a Lévy density with | ¢ = oo such that the density g of ID(g) is locally bounded on
(0, 00). Our goal is to sample for ¢. We have in (3.6) an integral series expansion of g in terms of
o(t) = te(t) and its conditional version on some (0, r] # &, i.e. p(x) = g(x)1{x < r}/a, with
a= for g. To apply Proposition 4.1 to the integral series expansion, our working hypothesis in
this section is: for a given r > 0, p can be sampled exactly.
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Observe that in the integral series expansion of g, given v, both h(v, x) and hi(v, x) are
defined in terms of the increments x — v, v; — v;—1. This suggests that we may sample X by
sampling the increments. As noted after (3.7), the domains of the increments may be partitioned
into subregions so that each can be treated conveniently in a certain way.

For k > 1, let £ denote the Lebesgue measure on R, Suppose that, for £ > 1, we can

find constants Cy, ..., Cgn, > 0 and measurable instrumental functions ¢y; (-, -) on R x Rk,
j =1,..., ng, such that the following conditions are satisfied. First,
oo ng
YD Gy < oo 4.1
k=1 j=1

Second, for each v with p(v) > Oand k > 1,
¢ (v, -) are probability densities with respect to X such that {s: Prj(v,s) > 0},
j=1,...,ng, are disjoint (4.2)

and

k
0(si)
v,s) =1{s; +v>r _—
9i(v. 5) ts1 }EU+S1+"'+Si

ni
<Y Cijrj(v, s). 43)
j=1

Owing to condition (4.3), ¢; should be designed according to o(s) = s¢(s). Naturally, it is
desirable to have ¢y; that are easy to handle. Let

ng %)
Co=1; Gi=) Cy. k=1 and C=) G
j=1 k=0

A rejection sampling procedure for g under this setup is given in the following algorithm.
Algorithm 4.2. (Rejection sampling for a positive i.d. random variable.)
1. Sample Z ~ p and « such that P{x =k} = C;/C, k > 0.

2. If k = 0 then output X = Z and stop; otherwise, sample n such that P{n = j} =
Cej/Cc, j=1,..., n.

3. Given Z, k, and n, sample S = (81, ..., S¢) from the density ¢,,(Z, ).

4. Sample U ~ Unif (0, 1). If C,Udy(Z,S) < q(Z,S) then output X = Z + Sy +
.-+ 4+ S, and stop; otherwise, go back to step 1 and start a new, independent iteration.

Theorem 4.1. Algorithm 4.2 terminates eventually with probability 1, and its random output
follows g in (3.6).

Proof. Given a measurable set A C R, in each iteration,

0o ng
P{X € Aisoutput} =P{Z € A, k =0} + / Y Y P(Zedv, k =k, n=j}0k®),
k=1 j=I
where
gk (v, S)

ij(v)=P{v+Sl+~-+SkeA, U <

e b S ~ ¢dpi(v, ).
- ij¢kj(v,S)} iV, )
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We have |
P{Ze A,k =0} = E/l{v € Alp(v)dv

and, for each v with p(v) > 0,k > l,and j =1, ..., ng,
C .
P{Z edv, k =k, n=j}= %p(v)dv.

By (4.2) and (4.3), for each s, if gx (v, s) > O then there is exactly one j € {1, ..., ng} such
that ¢y (v, s) > 0, and, conversely, if ¢;(v,s) > O for some j then gi (v, s) < Cyjdy;(v, s)
and ¢y (v, s) = 0foralll # j. Thus, if Cx; > 0 then

(v, )
Orj(v) = /¢kj(v,s)1{v +s14+--+sp € A}P{U < %}ds

1
=cn / qi (v, )y (v, s) > O}{v + 51 + - - - + 5 € A} ds,
kj

which leads to

P{Z edv, k =k, n = j} Ok (V)
. p()dv
T C

If Cyj =0thenP{Z € dv, «k =k, n = j} = 0and gx(v, s) = 0 for any s with ¢; (v, s) > 0.
Therefore, the above equality still holds. As a result,

/qk(v, Ui (v, s) > O} 1{v + 51+ --- + 5, € A} ds.

ny
/ZP{Z edv, k =k, n=j}Qk)
j=1

1k

= é/P(U)dU/Qk(U,S)XEI{wj(v,s) >0M{v+s;+- +s5¢ € A)ds
]:
:é/l?(v)dv/qk(v,s)l{v—f—sl+...+skEA}dS’ (4.4

where the last line is again due to conditions (4.2) and (4.3). Letx = v + s1 + - - - + s, and,
forl <i <k,letv; =v+s14+---+s;. If Kk = 1then q;(v,s) = 1{x > r}h(v, x) and, so, by
a change of variable and Fubini’s theorem, the iterated integral (4.4) is equal to

%/l{x € A}|:/p(v)l{x > rth(v, x) dv] dx.

If £ > 1 then it is easy to check that gx (v, s) = 1{vy > r}h(v, v1) - - - h(Vk—2, Vk—1)h(Vk—1, X)
and, hence, by a change of variable and Fubini’s theorem, the iterated integral (4.4) is equal to

%/p(v) dv/l{x e AHl{vy > r}h(v,v1) - - - h(vg—1, x)dvy - - - dvg—1 dx

= %/l{x (S A}[/ p(v)hk_l(v’x) dv} dx.

Combining the above results and using (3.6), in each iteration, P{X € A is output} =
(aC)~! / 4 & The proof is then completed by following the same argument as in the proof of
Proposition 4.1.

https://doi.org/10.1239/aap/1346955267 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1346955267

852 Z.CHI

4.3. Conditional density versus upper truncated Lévy density

We consider several implications of the results in Section 4.2. The statement below follows
directly from Theorem 4.1.

Proposition 4.2. Let X be a strictly positive i.d. random variable with known Lévy density.
Given r > 0, if we can sample X conditional on X < r then we can sample X using
Algorithm 4.2. Conversely, as is well known, if we can sample X then, for any r > 0, we
can sample X conditional on X < r using rejection sampling.

Basically, Proposition 4.2 states that the sampling of an i.d. random variable boils down to
the sampling of its conditional density on some (0, r]. The questions are how to identify such
r and how to sample from the corresponding conditional density.

Proposition 4.3. Let g1 and ¢> be Lévy densities with [ ¢; = co. Suppose that we can find an
r > 0 such that 1 = @2 on (0, r]. Then, provided that we can sample for one of them, we can
sample for the other using Algorithm 4.2.

Proof. By assumption, ¢ and ¢, share an upper truncated version ¥ (¢) = ¢1(¢#)1{t < r}.
Let X; ~ ID(¢;), i = 1,2, and Y ~ ID(¥). As noted in the introduction, for i = 1, 2, the
density of X; conditional on X; < r is identical to that of ¥ conditional on ¥ < r. Thus, the
conditional densities of X; are equal to each other. If we can sample, say, X, then we can
sample X; conditional on X; < r, and, hence, sample X, conditional on X, < r. Then from
Proposition 4.2 we can sample X by applying Algorithm 4.2 to ¢».

The above proof provides the following answer to the question raised before Proposition 4.3.
Given ¢, find r > 0 and another Lévy density A which we know how to sample for, such that
¢ = Aon (0,r]. Sample X ~ ID(A) conditional on X < r. The sampled value then follows
the conditional distribution of ID(¢) on (0, r].

As a further development along this line, suppose that, instead of sharing a common upper
truncated version, ¢; and @, satisfy

o) =[1+0@)]pi1(t) ast — 0+. 4.5)

Note that, under the much stronger condition e bt 01(t) < @a(t) < ehztgol(t) for some by,
by > 0, the methods in Section 2 can be used to sample for one ¢; based on the other.

Proposition 4.4. For Lévy densities ¢ and ¢ that satisfy (4.5) with [ ¢; = oo, if we can
sample for one of them then we can also sample for the other using Algorithm 4.2, with possibly
an extra step of sampling from a compound Poisson distribution.

Proof. Since (4.5) is equivalent to ¢1(¢) = [1 + O(t)]ga(t) as t — 0+, by symmetry,
assume without loss of generality that we can sample for ¢;. We can find constants a; > 0,
ap > 0,and rg > 0 such that (1 — ai1t)e1(t) < @2(t) < (1 4+ axt)e1(t) for 0 < ¢t < ry. Fix
b > a; and 0 < r < rg such that et <1 —aytfor0 <t <r. If a; = 0, we can just let
b =0and r = ro. Define ¥ (1) = e % ¢;(t)1{t < r}. Then it is straightforward to check that
Y(t) < pa(t)1{r <r}. Let x(t) = ¢2(t) — ¥ (¢). Consider the following procedure.

e Sample X ~ ID(y) and £ ~ ID() independently. Return X + &.
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From Proposition 4.3 we can sample for ¢1(#)1{t < r}. Then by exponential tilting we can
sample for ¥ (¢); see Section 2.2. On the other hand,

0=<x®
= @Ot <r}— @) + 01t > r}
< (L +anei Ot <r}— Y@ +e2()1{t > r}
= +at —e i1t <7} + 01t > r}
< (@ + b)to1(Or < 1} + e2(D1{t > 1),

Therefore, x € L'(0, 00), giving rise to a compound Poisson distribution.

Finally, note that if ¢ (#) can be decomposed into

e1(0) =[14+ 0D]p2(1) + x (1),

where ¢, is a Lévy density with [ ¢ = oo that we know how to sample for and x > 0 is
integrable, then by Proposition 4.4 we can also sample for ¢;.

In subsequent sections, all examples are based on Propositions 4.3 and 4.4. In most of the
examples, the sampling for an upper-truncated Lévy density takes centre stage. This is natural.
A generic approach to the sampling for a Lévy density ¢ is by sampling for ¢(¢)1{t < r}
and ¢(#)1{t > r} independently. After all, it is ¢(¢)1{r < r} that determines the conditional
density of ID(¢) on (0, ], whose sampling is the crucial starting point of Algorithm 4.2. On
the other hand, in principle, as long as we know how to sample from the conditional density,
Algorithm 4.2 can be used whether or not the Lévy density is upper truncated. This observation
is useful sometimes; see Section 5.4 for an example.

4.4. Some corollaries on complexity

The complexity of an algorithm can be measured in many ways (cf. [28]). For Algorithm 4.2,
a useful measure is the number of iterations it needs to generate one output.

Proposition 4.5. The number of iterations of Algorithm 4.2 follows the geometric distribution
with mean value C [; g.

Proof. From the last line of the proof of Theorem 4.1, at each iteration, P{X is output} =
(aC)~!and, by 3.5),a = [; g.

The amount of time required to generate one output is an important measure of complexity (cf.
[13]). Denote by w the vector of random values sampled in a single iteration of Algorithm 4.2,
including Z, «, and, provided that k > 1, n, S, and U. Let D(w) be the time taken to generate
and process w. For example, the computations of ¢,,(Z, S) and g, (Z, S) in step 4 are part
of the processing of w. Note that whether or not the procedure stops after the iteration is
completely determined by w.

Proposition 4.6. Let T denote the total time taken for Algorithm 4.2 to generate a random
output. ThenET = EN x E[D(w)] = (C for g)E[D(w)].
Proof. For k > 1, let wy denote the vector of random values sampled in iteration k. Then

wy are i.i.d. ~ w. Let N be the number of iterations. Then T = Z,ivzl D(wy). Since N is a
stopping time with respect to wy, w;, ..., ET = E[D(w)] x EN (cf. [7, p. 101]). Then the
result follows from Proposition 4.5.
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5. A general design

5.1. Description of the design

Let ¢ be a Lévy density such that [ ¢ = oo and the density of ID(p) is locally bounded
on (0, c0). In order to use Algorithm 4.2 to sample for ¢, we need to find constants Cy; and
instrumental functions ¢; satisfying conditions (4.1)—(4.3) that are easy to compute and use.
The following design is immediate from Theorem 4.1.

Proposition 5.1. Let gy be the functions in (4.3). Suppose that there are constants by > 0 with
Z,fozl by < oo and functions qi (-, -) such that qi (v, -) < gk (v, -) for each v with p(v) > 0 and

b= sup Qx(v) with Qp(v)— / G (v, ) ds.
p()>0

Then in Algorithm 4.2, we can set ny = 1, Cx1 = bg, and g1 (v, -) = qx (v, -)/ Qk (v) fork > 1.

Remark. Under the above setup, step 4 of Algorithm 4.2 involves a comparison between
U ~ Unif(0, 1) and ¢ :=[Q«(2)/bi]qi(Z, S)/q(Z, S), which is hard if Q(-) is difficult to
compute. However, given ¢, the whole purpose of the comparison is to stop the iteration with
probability {. As we show next, alternative methods to stop the algorithm can be found.

5.2. An example on the upper-truncated stable Lévy density
Let o € (0, 1). We consider how to apply Proposition 5.1 to sample for the Lévy density

o) =ct 110 <t <},

where ¢, r € (0, 00). It can be shown that the density of ID(¢) is smooth and bounded on R
(cf. [33, p. 190]). Let X ~ ID(¢). By the Laplace transform, X ~ ¢V X’ where X’ has Lévy
density t_l_"‘l{O <t <rcV “}. Thus, without loss of generality, assume that ¢ = 1 in the
following.

Let A(f) = t~*~!'1{r > 0}. The sampling of ID(A) is well known [10], [13], [21], [32]. This
combined with Proposition 5.1 leads to the following algorithm to sample for ¢.

Algorithm 5.1. Set by = 1 and, for k > 1, by = af*T'(ka)/ T (k) with @ = (1 — &)/ (r%a).

1. Sample Z ~ ID(A) conditional on Z < r and « such that P{x =k} = bx/ D> ;. bi,
k> 0. -

2. If k = 0 then output X = Z and stop.

3. Sample 771 ~ Beta(kw, | — «) conditional on 77 < Z/r. Set S1 = Z(1/T; — 1). If
k > 1 then, sequentially, fori = 2, ..., «, sample 7; ~ Beta((k —i + 1)a, | — ) and
setSi=Z+S1+---+Si-DA/T; —1).

4. Sample U ~ Unif(0,1) and T ~ Beta(ka,1 — ). If §; < r for all i < « and
U<I[(r—rT)/(r—ZT)]*%, then output X = Z + S| + - - - + S and stop; otherwise,
go back to step 1.

Remarks 5.1. (i) In step 3 of Algorithm 5.1, if an S; > r is generated at any time point, we
can immediately terminate the current iteration and start a new one. Although this modification
improves efficiency, for clarity, we do not implement it in what follows.
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(ii) Using the Laplace transform, if » € (0, 1) then X ~ r(Y1+---+Y,,), wherem = [r~%] > 1
and Yy, ..., Y,, are i.i.d. with Lévy density r=*~11{0 < ¢ < r'}, with ' = rm!/* > 1. While
this suggests that it may suffice to consider only r > 1, for now we shall consider any r > 0.

5.2.1. Justification. In step 1 of Algorithm 5.1, it is clear that Z conditional on Z < r is
identically distributed as X conditional on X < r. To justify the sampling of x, we need some
calculations. For v € (0,r] and s = (s1, ..., Sk), since o(s;) = sip(s;) = {0 < 5; < r}slf"‘,
by (4.3),

k

1{0 <s; <r}s; @
(v, s) =1{s; + v >r}HM
i=1

Vs s
To apply Proposition 5.1, let

k

i 1{s; > 0}s; @
v,s)=1{si+v>r —_—
CIk( ) {1 }Ev+sl+...+si

Then gx (v, s) < gk (v, s). To obtain Qf(v) = fc}k(v, s) ds, we use

©  s7*d ra—-wr
f & ey LOZONRED o ae 1), 20
0o (+s)Hp rB+1)
which can be verified by making the change of variable s = z(u~! — 1) and using the properties
of beta functions. Integrating over sk, Sx—1, ..., s1, weobtain, fork > land j =1,...,k— 1,
J . k—j —a
_ 'l —w)l(ao) ( 1{s; > O}s; )
v,s)dsg - dsg—ir] = ——1{s1+v>r _
/q"( Ydse - Ak EF(I—}-(l—l)O{){] } Ev+s1+-~-+si
1
% i 5.1
(v+s1+--+ 85
and
D — o)) 57 ds)
=[1—" |1 S S
k) 11 TN R P Lz e
k—1
; (5.2)

_ 1_[ F(l —a)F(ia) o0 (r_v_|_u)—adu
B L TA+G=Dao) Jo @ T )+ k=Da

making the change of variable s1 = r — v + u. It follows that
k

— ; —ak _ k k
0:(v) < Ok(r) = rfakl—[ 'l —o)lle) r [0 —-a)]T'(ke) ab"I'(ka)
i=1

Fd+G—-Da) ok=1T (k) T Tk

Clearly, by = Qk(r). AsO <a < 1,

> ab*

ka—1_,—x
b= e
k=1 o k=Dt Jo

X gk .ok

0
=a/ Qx“_le_xz * dx
0 P k!
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o0 0 1/a
_ / =G/ g
0

A =l
=/ explz —r =) z
< o0. (5.3)

Then by Proposition 5.1 we obtain the sampling of « in step 1.
Step 2 directly follows from the general procedure in Algorithm 4.2. To justify step 3,
according to Algorithm 4.2, given Z € (0, r] and « > 1, we need to sample from the density

4c(Z, s) 5 Usi > 0)s”

:Cls +Z>r f— )
0.(2) o }Ez+s1+m+s,-

O(Z,s) =

where C is the normalizing constant. The exact value of C is not important and may change
from line to line in the following. Let S = (S1, ..., Sx) ~ ¢« (Z, -). From (5.1), S has density
Cl{ix > r — Z}x%(Z + x)"'=«=D@ at x € R. By calculation, Z/(Z + S1) has density
C1{0 < x < Z/r}(1 — x)~*x*®~1 the same as that of 7] ~ Beta(ka, 1 — ) conditional on
Ty < Z/r. Thus, Sy can be sampled as Z(1/7T; — 1). Fori > 1, conditional on Sy, ..., Si_1,
it can likewise be seen that S; has density C1{x > 0}x ™ *(Z + S} + --- + §;_| + x) "1~ =De
and, thus, can be sampled as (Z+S1+---+S;-1)(1/T; —1), with T; ~ Beta((k —i+ 1D, 1 —).
Step 3 is then established.

Finally, as remarked after Proposition 5.1, given Z, x, and S = (S, ..., Sk), all we need
to do in step 4 is to stop the iteration with probability [Q, (Z)/b,1qc(Z, S)/q(Z, S), which
is equal to 1{all S; < r}Q«(Z)/Q,(r). However, Q,(Z) is not easy to compute. To get
around the problem, make the change of variable u = r(t=' — 1) in (5.2). Then we obtain
0«(2)/Qk(r) =E&, where & = [(r —rT)/(r — ZT)]* with T ~ Beta(ka, 1 —«). Note that
0<é& < 1. Since EE =P{U < &} for any £ independent of U with P{0 <& <1} =1, step4
is justified.

5.2.2. Complexity. Let N be the number of iterations required by Algorithm 5.1 to sample one
X ~ ID(¢). By Proposition 4.5, EN =P{X <r} >, bk. Let x(t) = =@ 11{r > r} and
& ~ ID(x) be independent of X. Then Z ~ X + £ and P{X < r} = P{Z < r}/P{& = 0}.
The expression of P{Z < r} is known [10], while P{§ = 0} = exp{—frC>O x} =exp{—r~%/a}.
Together with (5.3) this gives

EN—exol oz <n(is [ oz \ d
_exp{T} { —r}< +/0 exp{z_r(m—a)) }Z)

By Proposition 4.6, ET = ED x E N, where T is the amount of time required to sample
one X ~ ID(¢p) and D is the amount of time required to complete a single iteration. Each
iteration has to sample (i) one Z ~ ID(X) conditional on Z < r, (ii) one « from a distribution
that depends on r, and (iii) provided that « > 1, one 77 ~ Beta(k«, 1 — «) conditional on
Ty < Z/r and, foreachi =1, ..., k, a value from Beta(ie, 1 — «). These samplings account
for most of D. Denote by D1 (r) the amount of time required for the conditional sampling of Z,
by D5(r) the amount of time required for the sampling of «, and, for k > 1 and z € (0, 1], by
Ds(k, z) the amount of time required to sample ¢ ~ Beta(ka, 1 — «) conditional on ¢ < z. In
Appendix A we show that it is possible to bound E Dy (), E D>(r), and E D3 (k, z) uniformly for
r >0,k > 1,and z > 0. Consequently, E D is of the same orderas ;. o(1 + k)bx/ > ;- bk.
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Itiseasy toseethat,asr — 0c0,EN — landET — E D{(00), the expected amount of time
tosample one Z ~ ID()). Onthe otherhand, asr — 0, itcanbe shownthatE N =< exp{r=%/«a},
where, for two functions f and g, f =< g stands for f = O(g) and g = O(f); see Appendix A.
Therefore, if we directly apply Algorithm 5.1 to ¢(r) = t~*~'1{r < r} then E N is extremely
large for small ». However, by Remarks 5.1(ii) we can instead sample O (r~%) i.i.d. random
variables with Lévy density t~*1{¢t < r’} for some r’ > 1 and then take their weighted sum.
This way, both E N and E T are lowered to O (r %).

5.3. An application to a class of i.d. distributions

As an application of the result in Section 5.2, consider Lévy densities of the form
o) =ymE - D >0, ae©D,

where ¥ (¢) > 0 is a measurable function on (0, oo) such that fcoo Iﬂ(t)e_(‘”‘l)’ dt < oo for
any ¢ > Oand ¢ (1) = 1 + O(t) as t — 0+. An algorithm to sample for ¢ is as follows.

Algorithm 5.2. Setr € (0, 00] and 8 < « + 1 such that ¥ (t) > eP! for ¢ € (0, r]. Note that
r can be co.

1. Keep sampling (U, Z) until U < e®#=*=DZ where U ~ Unif(0, 1) and Z ~ ID(¢)
with @1 () = t~*~'1{t < r} are independent.

2. Sample & ~ ID(y), with x(¢) = ¢(t) — eB—a=Dig (1) >0 being integrable. Return
X=Z+¢.

If ¥ (1) = e, where ¢ < a + 1, then ID(¢) belongs to Lamperti-stable distributions [9],
which arise from positive self-similar Markov processes and related processes (cf. [5], [9],
[24]-[26]). In this case, we can simply set »r = oo and § = c. Although the sampling of
Lamperti-stable distributions with o € (0, 1) is quite simple, somewhat surprisingly, it seems
that it has not been explicitly stated in the literature.

More generally, if there exists a ¢ < a + 1 such that e < 1 (¢) for all ¢ > 0 then we can
set r = oo and B = c. However, it is easy to find simple functions i such that, for any c,
inf,~ole™“"v ()] = 0; for example, e_’z, e'[1 — sin(r)], and (1 — £)2. For these functions, we
need to select r < oo and B < « + 1 accordingly.

5.3.1. Justification. Since y(t) = 1+ O(t) ast — 0+, we can indeed find » and § to meet the
requirement of Algorithm 5.2. From Section 2, the random variable Z sampled in step 1 has Lévy
density e(ﬁ_"‘_l)’t_“_ll{t < r}. From the choices of r and B, if > r then x (¢) = ¢(¢t) > 0,
andif 0 < <rthen,asl —e™’ <t forallt >0,

x(@) ="y —e™) T — P
z e(ﬁ—o{—l)l[(l _ e—t)—C(—l _ t—ot—l]
>0,

showing that x is a Lévy density. Following the proof of Proposition 4.4, it can be shown that
x is integrable. Thus, the correctness of step 2 is established.

5.3.2. Complexity. We consider steps 1 and 2 of Algorithm 5.2 separately. By Proposition 4.6,
the expected amount of time required to complete step 1 isE 7' x E N, where T is the amount of
time taken to sample one observation from ID(p;) and N is the total number of iterations
required by the step. The analysisonE T is identical to that given in Section 5.2. Although, since
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in each iteration the probability of acceptance is P{U < ef~¢~DZ} = E(ef—2—D?%) =
exp{[(e®~*~D" — 1)g; (1) dr}, we have EN = exp{ [ (1 — eP=*~D)r==1 dr} < exp{(a +
L= Byr'=/(1 =)}

In step 2, £ can be sampled as the sum of the coordinates of the points in a Poisson process
withintensity x. Let K be the number of points in the process. Then the expected amount of time
required to complete step 2 is of the same orderas EK = [ x = [(¥ (1) — eB—a—Dry—a—l o
1{r < r})dr.

5.4. A theoretical application

As a theoretical application of Proposition 5.1, we evaluate, for ¢ > 0 and r > 0,

1
B = E([l—————<)  5.%....iid~ExpQ).
Zc (nr+51+ +S) Bo2 e Rat)

Recall that the Gamma(c, 1) distribution has density g(x) = x“"'e ™*1{x > 0}/I'(c) and
Lévy density ¢(¢) = ct_le_’l{t > 0} (cf. [30]). Using the design in Proposition 5.1 with
o(t) = te(t) = ce '1{t > 0}, Algorithm 4.2 can be reformulated as follows.

Algorithm 5.3. Define, fork > 1,0 <v <r,ands = (s1,...,8), si > 0,

ceSil{s; > 0}

_1{s1+v>r}n—v+51+ e
]

k
o(si)
v,s)=1{s; +v>r _—_—
qr(v, s) = 1{s }i|:|1v+sl+"'+

Set ¢x (v, s) = qr(v,s)/Qr(v), where Qr(v) = qu(v,s) ds. Set bp = 1 and, for k > 1,
= Qi (r). (We will show that Q(r) > Q(v) for all v € (0, r).)

1. Sample Z ~ Gamma(c, 1) conditional on Z < r and « from {0, 1,2, ...} such that

Plic = k} = bi/ 372 bi
2. If k = 0 then output X = Z and stop; otherwise, continue.
3. Given Z and « > 1, sample S = (51, ..., S¢) from the density ¢ (Z, ).

4. Sample U ~ Unif (0, 1). £ b U¢r(Z, S) < qi(Z, S) thenoutput X = Z+ S1+-- -+ S¢
and stop; otherwise, go back to step 1.

Algorithm 5.3 cannot be used to actually sample from Gamma(c, 1), since its step 1 relies
on the sampling from Gamma(c, 1) itself. Nevertheless, by Proposition 5.1, its random output
X follows Gamma(c, 1). We use this fact to compute B.

First, we need to obtain Q¢ (v). Let s{ =s1 +v —r. Then

k

1
qr(v, 5) = cF1{s] > 0, all 5; > 0}~~~ 15t +Sk>]_[

r+s1+sz+ “+s

Integrating over s{ , 82, ..., 8k, it follows that, for k > 1,

d 1
0r() =e "V Qr(r), with Q(r)=c E(Hm> (5.4)
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In each iteration, if k = O then the algorithm stops and outputs X = Z. This is the case
only where the algorithm outputs a value in (0, r]. If k« > 1 then, in order for the algorithm
to stop, there has to be b, U (Z, S) < q,(Z, S) in step 4. Since the event is equivalent to
U < 0c(2)/be = Ok (Z)/Q (1), by (5.4), it has probability e~ (=2 conditional on Z and k.
Observe that B = Y ;2 | Qk(r). Consequently,

P{k = 0} 1

P{XSV}: o0 —(r—27 = —(r—2 N
Plk =0} +Y o  Plk =k}E(e "2 | Z<r) 1+BE@e 2 |Z<r)

Since X ~ Z,P{X < r} = P{Z < r}. Then, after some calculation,

P{Z X o c
= {Z>r} =cl'(e)r e P{Z>r}= / 1= gy
E(e~—21{Z <r}) 1

6. Another general design

6.1. Description of the design

Let ¢ be a Lévy density such that [ ¢ = oo and the density of ID(¢) is locally bounded on
(0, 00). In this section we consider a design for Algorithm 4.2 that employs two ¢; to handle
each g, k > 1. In contrast, the design in Section 5 uses one ¢; for each g. Letr > 0 be fixed
such that we know how to sample from the conditional density of ID(¢) on (0, r]. By upper
truncating ¢ if necessary, assume that [ ¢ < co, where o(t) = t¢(r). Moreover, by decreasing
r if necessary, assume that fvr ¢ > Oforanyv < r. Indeed, F(s) = f Yr @ is differentiable almost
everywhere and, as for @ = 00, the setof s € (0, r] with F'(s) = —¢(s) < 0 is nonempty [31].
We can reset r to any such s if necessary. Suppose that we can find a suitable Lévy density A
with support in [0, co) such that

o) < A(1), M= /m(;)dt < 0. 6.1)

While A = ¢ clearly satisfies (6.1), to facilitate sampling, we sometimes need A # ¢. Let

1A ()

Y(t) = M

Then ¢ is a probability density with support in [0, co). With a little abuse of notation, for
a > 0,denote by (- | V > a) the density of a generic variable V ~ 1 conditionalon V > a.
By the assumptions on ¢ and A, for any ¢ < r, P{V > a} > 0 and, hence, the conditional

density is well defined. For a € (0, 1), denote by 6, the oth quantile of the distribution with
density . Then, for V ~ i, P{V < 6,} = «. Define my = |k/2] fork > 1.

Proposition 6.1. Fix @ € (0, %] with2(M/r)s/a(l —a) < 1. Define

k
N =) Usi <o) s=(1,om) k=1
i=2

Then Algorithm 4.2 can sample for ¢ if we set, given v € (0,r), fork =1 ands € R,

M
ny =1, Ci=Cu = d11(v, ) =Y (s |V >r—v), (6.2)
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and, fork > 1 and s = (s1, ..., Sk),
k k m
ng =2, Cr1 = (%> [4a(l — a)]™*, Cir = w (6.3)
r my!
k
$r1(v,5) = D' Yris1 |V >r — o) [[¥6)UNG) = mul, (6.4)
i=2
k
P2 (v, 5) = D Yrist | V> r =) [ [w )N ) < my), (6.5)
i=2

where Dy1 = P{ny > my} and Dyy = P{nx < my}, with n; ~ Binomial(k — 1, «).

Remarks 6.1. (i) In step 1 of Algorithm 4.2 we need to sample x. From (6.2) and (6.3),
Plk =1|m=0}=1and, fork > 1,P{x =2k |m =k} =1—-Plk =2k+1|m, =
k} = 1/(14M/r). Therefore, once m, is sampled, k can be sampled conditional on m,. On the
other hand, m, follows a mixture of the degenerate distribution at 0, a geometric distribution,
and a Poisson distribution, with the latter two conditional on positive integers. It is known
that, using rejection sampling, the distributions can be sampled with the expected number of
iterations uniformly bounded for all the parameters involved [13], [14], [19].

(i) In step 3 of Algorithm 4.2 we need to sample from ¢y;. As seen below, h(sz, ..., s;) =
Dk1 ]_[ _o W (si))I{N(s) = my}is adensity. Given v € (0, r], to sample from ¢y (v, ) we can
sample S ~ ¥ (- |V >r —v)and T = (52, ..., Sk) ~ h independently. To sample T, first
sample n; ~ Binomial(k — 1, o) conditional on 1y > my; then, given ng, sample &1, ..., &—1
independently such that & ~ (- | V < 0y) fori < nrand & ~ ¥ (- |V = 6,) fori > n;
finally, set T as a random permutation of &1, . . ., §—1. We can sample from ¢y (v, -) similarly,
except that we should sample n; ~ Binomial(k — 1, &) conditional on 1y < my instead.

(ii1) In step 4 in Algorithm 4.2 we need to check whether, given U ~ Unif(0, 1) and S ~
Orj (v, ), CrjUdyj(v, S) < gr(v, S). It can be seen that the inequality is equivalent to

Si)/A(S;
}1—[ re(Si)/A(Si) 6.6)

Us=AgPlV>r- VSIS
1

where A1| = 1, Ag) = Di1[4a(1 — a)]7™k, Axo = Dromy! (6, /r)™ fork > 2,and V ~ .
Note that, since S is a sampled value, factors such as 1{S; > r — v} and 1{N(s) > my} are
unnecessary in (6.6) as they are equal to 1 (with probability 1).

(iv) Let N denote the number of iterations required by Algorithm 4.2 under the above design.
Then, by Proposition 4.5,

> k k i
EN < 1+M+Z((K) [a(1 -y + LI A)
R S

mg!

B M\ ( 4M*a(l —a)/r? M2
= (1+7><1—4M2a(1—a)/r2 te > 6.7)

Proof of Proposition 4.1. We first check that ¢y satisfies condition (4.2). The proof for ¢
is trivial. Let kK > 2. Since /(- | V > r — v) is a probability density and N (s) depends only

https://doi.org/10.1239/aap/1346955267 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1346955267

Exact sampling of nonnegative i.d. variables 861

on sy, ..., Sk,
k
/wm(v, s)ds = D! f [[¥6o1N () = middsy - -dse = D' P(e = my},
i=2

where ¢ = Z{‘(:z 1{S; < By}, with §; i.i.d. ~ . Since ¢ ~ Binomial(k — 1, «), the above
integral is 1 and ¥ (v, -) is a probability density. Similarly, Y2 (v, -) is a probability density.
Since Y1 (v, ) and Y2 (v, s) clearly cannot both be positive, condition (4.2) is satisfied.

We now check that condition (4.3) is satisfied. By definition, o(¢) < tA(t) = My (t). For
k =1and v with p(v) > 0,asv <r,

o(s)
v+s
<Il{s+v> r}&
,
M1{s > r —v}y¥(s)
r

M
Tw(s|V>r—v).

qg1(v,s) =1{s +v > r}

IA

Therefore, we can choose n1, C11, and ¢1; as in (6.2). For k > 1, by (4.3),

o(si)

k
Qk(U,S)=1{S1+U>V}Hm
ot

i=1

1{s; + v > rlo(s)) ﬁ o(s)

r i:2r+S2+"'+5i
< MY ) ©.8)
where .
U(s) = E%

First, if N (s) > my then, as ¥ (s) < r ¥t [T5_, v (s;)1{N(s) > my}, and by (6.4) and (6.8),

M\* £ M\*
gk (v, 8) = (—) YV >r—o)[[¥E)UNE) = m) = Dk1<7> Pr1(v, s).

d i=2
Since 1 ~ Binomial(k — 1, ), by the Markov inequality, for ¢ > 0,
Dkl == P{nk > mk} < E(et(nk_mk)) = (1 — o+ ael)k_le_lmk < (1 —o+ aet)kae—tmk.

Letting # = In(1/a — 1), which is nonnegative since o < %, Dy1 < [4a(1 — a)]™. Thus, with
Cry asin (6.3), gr (v, )I{N(s) = my} < Cr1k1 (v, 5).
Second, suppose that N(s) < my. Foreachi,r + sy +---+s; > r + n;6y, where n; is the

total number of 2 < j < i withs; > 6,. Ifthes,-/., j=1,...,k—1— N(s), are the members
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among s2, . .., S, that are no less than 6, then ni; = j. As aresult,
_ 1
s) = S
e Hr+S2+~~+inr+Sz—l— Hw(l)
S; <Oy i >0
k—1—N(s) k
—N(s)
<r
< [T 7 v
J:] =2
k—1—N(s) |
_ —(k=1)
r _— Si
,-Hl 1+j9a/r1j[w<l>

mg

1
<r 1)H1+J9 /rl_[‘ﬁ( 5i)

S l)(’/e )mk]"[w( D,

where the second inequality follows since k — 1 — N(s) > my. Therefore, by (6.5) and (6.8),

M (s1 | Vo> r —v) rm® D /0,)m
r my!

qr(v,s) <

k
[Tv6) = CaDiapa(, 5).

i=2

Since Dy, < 1, (4.3) is satisfied.
From the selection of «, ), Cx1 < o00. It is straightforward to verify that ), Cio < o0.
Therefore, (4.1) is satisfied. Thus, Algorithm 4.2 can be used to sample for ¢.

6.2. An application to Vervaat perpetuity

We begin with some background. A Vervaat perpetuity with parameter ¢ > Oisani.d. random
variable Z with Lévy density ct~'1{0 < ¢ < 1} (cf. [36]). From the Laplace transform, rZ
has Lévy density ¢t ~'1{0 < ¢ < r}. Efficient sampling methods for Vervaat perpetuities are
available [16], [17], [22]. For the algorithm in [17], it was shown that, as ¢ — oo, the expected
number of iterations is exp(cInc + O(c)) as ¢ — oo, while, as ¢ — 0, the expected number
of iterations tends to 1. In [16], for the special case ¢ = 1, an algorithm was given whose
expected number of iterations was no greater than 2.32. These sampling procedures all use the
coupling-from-the-past paradigm for Markov chains [29]. Since a Vervaat perpetuity Z with
parameter ¢ > 1 has the same distribution as the sum of |c| independent Vervaat perpetuities
with parameter 1 and, when c is noninteger, one independent Vervaat perpetuity with parameter
¢ — |c], the results imply that Z can actually be sampled with the expected total number of
iterations no greater than 2.32|c] + ¢, where cg is a constant.

We show that, by using the design in Proposition 6.1, the expected number of iterations
required to sample a Vervaat perpetuity can be arbitrarily close to 1. As a trade-off, we have
to sample from an increasingly complicated compound Poisson distribution. However, the
treatment of the latter is standard.

The idea is quite simple. First, as noted above, to sample for ct_ll{O <t < 1}, we can
instead sample for et ! 1{0 < t < r} and return ¢ /r, where ¢ is the sampled value. Here, the
artificial parameter r is introduced to control the expected number of iterations. Second, we
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decompose ct7'1{0 < 1 < r} = ¢(t) + x(x), where
o) =ct 'e1{0 <t < r}, x@® =ct '1—eH10 <1 <r).

We then apply Proposition 6.1 to ¢. It is perhaps not surprising that, when r is large, the
expected number of iterations needed is close to 1. Intuitively, this is because ID(gp) is so close
to Gamma(c, 1) that, with large probability, a single step to sample from Gamma(c, 1) would
be enough. The Lévy density x on the other hand gives rise to a compound Poisson distribution.
The algorithm we shall verify is the following.

Algorithm 6.1. Setr = L max(cz, 1) and ¢, x accordingly, where L > 1 is a parameter. Set
M=c(l—e™), 0 =In2—1In(l+e™").

SetCo=1,C; =Cy1 = M/r,and, for k > 2, set my = |k/2] and
k k m
M (M/r)<(r/6)"*
Ci1 = (—) , Cio = % Cr = C1 + Ca.
r ny.

Set C = Z,fio Ck. Set A1 = 1 and, for k > 2, letting T ~ Binomial(k — 1, %), set

0\"*
Agr = P{t = my}, Apa = P{t < mp}my! <—> .
p

1. Sample Z ~ Gamma(c, 1) conditional on Z < r and « such that P{x = k} = Cy/C.

2. If «k =0thenset X = Z and goto step 5. If « = 1, set n = 1. Otherwise, sample
n € {1, 2} such that P{n = j} = Cy;/C.

3. Sample S; ~ Exp(l) conditional on S; € (r — Z,r). If k > 1 then carry out the
following steps.

(a) If n = 1 then sample T ~ Binomial(x — 1, %) conditional on t > m,; otherwise,
sample T ~ Binomial(x — 1, %) conditional on T < my.
(b) Sample S, ..., S, independently such that, fori < 7, S; ~ Exp(1) conditional

on S; < 0 and, fori > 7, S; ~ Exp(1) conditional on 6 < S; < r. Then randomly
permute Sy, ..., Sk.

4. Sample U ~ Unif(0, 1). If

el — 1 r
U<A
- ”"er—lgz+sl+-~+si

thenset X = Z + S; + - - - + Si; otherwise, go back to step 1.
5. Sample & ~ ID(x). Then return (X + &) /r.

6.2.1. Justification. It suffices to show that steps 1-4 of Algorithm 6.1 indeed sample for ¢. The
sampling of Z in step 1 follows from the fact that Gamma(c, 1) has Lévy density ¢z ~le™ x
1{t+ > 0}. To implement the design in Proposition 6.1, let . = ¢ in (6.1). Then tA(t) =
ce”"1{0 < ¢ < r}, giving M = f tA(t)dt = c(1 —e™"), as in the setup of the algorithm, and
Y() = e "1{0 <t <r}/(1 —e™"). Note that ¥ is the density of W ~ Exp(1) conditional
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on W < r. By letting o = %, 0 in the setup of the algorithm is the median 6, of 1. Moreover,
since 2(M/r)/a(l —a) =M/r <c/r <1/L <1, (M,a) = (M, %) satisfies the very first
assumption of Proposition 6.1. The values of C; and Cy; are set according to (6.2) and (6.3).
Then steps 1 and 2 follow from the general procedure in Algorithm 4.2. By (6.2), for any
v e (0,r)ands,

r—v<s<rle™s
ef(rfv) —e T

1
(v, s) =
and, by (6.4) and (6.5), for k > 2,

’

0 =5 =N (s) = my),
1—e "

k g
5i1
1 (v.5) = D (v, s [

i=2

K{N(s) < m},

{0<s; <r}
r

koo
—1 e i1
dr2(v,8) = Dy d11(v, 51) l_[ — o

i=2
where Dy; = 1 — Dy = P{nx > my} with ny ~ Binomial(k — 1, %). From Remarks 6.1(ii), it
can be seen that step 3 samples from ¢11 (v, -), ¢r1(v, ), and @2 (v, -). Finally, step 4 follows
from (6.6).

6.2.2. Complexity. We consider the samplings of X and & separately. Let N and T be
respectively the number of iterations and amount of time required to generate X. Since o = %,
by (6.7),

M M?/r?

2
I<EN<C=(1+—|)(—i5—+eM/0%))
- - (+r><1—M2/r2+e

From the facts that M/r < c¢/r < 1/L and M?/(r0y) < c?/(rfy) < 1/(L6,), it is seen that
EN — lasL — oo.

By Proposition 4.6, ET = E D x E N, where D is the amount of time required to complete
an iteration. Each iteration has to sample (i) one Z ~ Gamma(c, 1) conditional on Z < r,
(ii) one «, and (iii) provided that k > 1, k observations from various conditional distributions
of Exp(1). Denote by D;, i = 1,2, 3, the amounts of time required by the samplings. Then
D =~ D1+ D,+ Ds. First, if we use rejection sampling for (i), the expected number of iterations
ism. = 1/P{Z < r}, with Z ~ Gamma(c, 1). Since r > max(c?, 1) and both the mean and
variance of Z are equal to c, it is not hard to see that m, is bounded for ¢ > 0. On the other hand,
the expected amount of time required to sample one Z can be uniformly bounded for ¢ [13].
Then E D1 = O(m.) = O(1). Second, the sampling of « is standard, with E D, uniformly
bounded; see Remarks 6.1(i). Finally, since ¢ ~ Exp(1) conditionalon0 <a < ¢ < b < o0
canbe sampled as —In[(1—-U)e™ +Ue b withU ~ Unif (0, 1), thenE(D3 | k) is proportional
to «, and, thus, E D3 is of the same order as C1/C + ) ;. k(Cx1 + Ck2)/C, which is o(1) as
r— 0.

Now consider the sampling for x. For ¢ € [0, 1], x(t) < c;fort € [1,r], x(¢) < c/t; and,
fort > r, x(¢t) = 0. It is then easy to sample a Poisson process with intensity x. The sum of
the coordinates of the sampled points follows ID(y ). The number of points follows a Poisson
distribution with mean

r 1 r
/ x(t)dr 5/ cdt—i—/ ct™'dt =c(1+1nr) =c[1 + In L + Inmax(c?, 1)].
0 0 1

Therefore, even for quite large L and c, the amount of time required to sample for y is
manageable.
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6.3. Another application
Fix ¢ > 0. We now apply Proposition 6.1 to sample for the Lévy density
ce™'(1—=tH1{0 <t <r}

0a(t) = (In(1/0) , a>0.

Based on the sampling for ¢,, we can sample for a variety of Lévy densities ¢, such as ¢(¢) =
c(1—t1{0 < t < r}/[t In(1/1)], provided that ¢ — ¢, > Ois integrable. Also, forb € (a, o],

ce T — " H1{0 <1 <)
In(1/t)

Pp(1) — @a(t) =

is the Lévy density of a compound Poisson distribution. Therefore, if we can sample for ¢, for
0 < a < 1 then we can do so for all 0 < a < co. Thus, we shall consider only 0 < a < 1.
For simplicity, let r < e™¢. This condition is restrictive if we directly sample for ¢, with
large c. However, note that ID(¢,) can be represented by Y1 + - - - 4+ Y,,,, where the Y; are i.i.d.
and each have Lévy density (c¢/m)e™"(1 —t*)1{0 < ¢t < r}/[tIn(1/t)]. By sampling instead
for the latter with large enough m, the condition on r becomes mild.
Let W be an i.d. random variable with Lévy density

Y(t)=cl'@)1{0 <t <a}.

We will see below that W can be sampled using the sampling of a Vervaat perpetuity. An
algorithm to sample for ¢, is given next.

Algorithm 6.2. Set ¢, = ¢/In(1/r) and M = ¢,(1 —e™"). Then set 6, Cy, Cyj, C, and Ag;j
exactly as in the algorithm in Section 6.2.

1. Keep sampling (W, Z) until Z < r, where, conditional on W, Z ~ Gamma(W, 1).
Sample « such that P{x = k} = C;/C.

2. If «k = O then output X = Z and stop. If «x = 1, set = 1. Otherwise, sample n € {1, 2}
such that P{n = j} = Cy;/C.

3. Sample (S, ..., Si) exactly as in step 3 of Algorithm 6.1.
4. Sample U ~ Unif(0, 1). If

Z_ 15 er(d = 8% /In(1/S;
USAKner_ l_[ ( l)/ (/1)
e li:] v+ S+ 4+ S

then output X = Z + S7 + - - - 4+ S, and stop. Otherwise, go back to step 1.
An algorithm to sample W is as follows. Recall that0 < a < 1.

1. Keep sampling (U, V) until U < e=34V/2 \where U and V are independent, such that
U ~ Unif (0, 1) and V > 0 is a Vervaat perpetuity with parameter c.

2. Sample & ~ ID(x), with x (1) = ¥ (t) — ct~'e31/?1{0 < 1 < a}. ReturnaV +&.
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6.3.1. Justification. First, consider Algorithm 6.2. Let G(s) be a gamma process independent
of W with G(s) ~ Gamma(s, 1), s > 0. Denote by g, the density of G(s). By the properties
of subordination (cf. [33]), G(W) is i.d. with Lévy density
a —t a
/gs(t)cl"(s)l{O <s<alds= c/ et ds = m, t>0.
0 tIn(l/t)

Since Z ~ G(W), the sampling of Z in step 1 follows. Since r < e~¢, by letting ¢, =
c¢/In(1/r), we obtain ¢,(t) < ¢, 'e™"1{0 < ¢t < r}. Then, to apply Proposition 6.1, set
AMt) =ct e 1{0 <t <r}in(6.1)toobtain M = ¢, (1 —e ") and (1) = e '1{0 < <
r}/(1 —e™). Since M/r = ¢,(1 —e™")/r < 1, we can set @ = % and obtain the same 6,
and all other constants as in Algorithm 6.1, and execute its steps 2 and 3 without any change.
Finally, step 4 follows from (6.6).

To justify the algorithm for W, let Yo () = ct_ll{O < t < a}. From Section 6.2, if V is a
Vervaat perpetuity with parameter ¢ then a V has Lévy density ¥/9. Due to the exponential tilting
implemented in step 1, the value of ¢V it generates has Lévy density e ~3/24(r). However,
recall that I"'(¢) is convex on (0, 00), I'(r) < I"(1) = 1 for ¢ € [1, 2], and I''(1) = —y, where
y < 1sEuler sconstant (cf. [2]). Then,asa < 1,0 < yio(t)—¥ (1) = ct ' [1-T(1+1)]1{0 <
t < a} < yto(t), giving ¥o(t) > v (@) > (1 — yt)yot) > e_3t/2wo(t) From this, step 2
follows.

6.3.2. Complexity. First, consider Algorithm 6.2. Let N and T respectively be the number of
iterations and the amount of time required by the algorithm to generate an output. By (6.7),

M M?/r? 2
1<EN<(1 — 1o,
= _< + >|:1—M2/r +e

Asr — 0O,since M/r = c¢,(1 —e™")/r =c(1 —e™")/[rin(1/r)] ~ ¢/In(1/r) and r/0 =
r/In[2/(1+e77)] ~2,weobtainEN — 1 asr — 0.

By Proposition4.6,ET = E N xE D, where D is the amount of time required by an iteration
in the algorithm. Let Dj, D», and D3 respectively be the amounts of time to sample (i) one
(W, Z) conditional on Z < r, (ii) one «, and (iii) provided that « > 1, Sy, ..., S¢. Then
D ~ Di + D> + D3. Let A be the amount of time taken to sample a pair (W, Z). Then
ED; =EA/P{Z < r}. A bound for E A will be given below. In Appendix B, it is shown
that, given ¢ > 0, as r — 0, P{Z < r} = (1 + o(1))e “[In(1/r)]~¢, where A = A(a)
is a constant. Then E D; ~ e4 [In(1/r)]°E A. The sampling of « is standard, with E D,
uniformly bounded; see Remarks 6.1(i). Finally, as in Section 6.2, E D3 is of the same order
as C11/C + Zk>2 k(Cr1 + Crp)/C. It follows that E D3 — O as r — 0.

Next, consider the algorithm to sample W. Let Ty be the time taken to generate one output.
If Ty (c) denotes the amount of time required to sample a Vervaat perpetuity with parameter ¢
then the expected amount of time required by step 1 of the algorithm is

ETy(c) —3ar/2y,—1 3ac/2
E(e_3“V/2)_ xp{ /(l AN dt t ETy(c) < e?*“’“ETy(c),

while the expected amount of time required by step 2 is of the same order as

¢ —1.-3t/2 | —3t/2 3ac
x=c| [ —t "¢ ldr <c T (1l—e" )dth.
0 0

Asaresult, ETy = ETy(c)/E(e V%) + 0([ x) < e¥/2ETy(c) + O(ac).
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We now can obtain a bound for E A. In order to sample one pair of (W, Z), we first sample W
and then Z ~ Gamma(W, 1). Since the expected amount of time to sample from I'(r, 1) can
be uniformly bounded for r > 0 [13], this gives EA = E Tw + O(1).

7. Conditions for local boundedness

Let ¢ be a Lévy density with [ ¢ = co. Recall that in order to obtain the integral series
expansion in Theorem 3.1, the density g of ID(¢) has to be locally bounded. In some cases,
the local boundedness can be directly checked using the explicit expression of g. Following
the same argument as in Section 1, if X ~ ID(¢) with ¢(¢) = A(t)1{r < r}, where X is a Lévy
density that gives rise to a locally bounded density, then the density of X is locally bounded in
(0, r]. This is the case in all the examples in Sections 5 and 6. Thus, to apply Algorithm 4.2
to X, all we need to do is to make sure its density is locally bounded outside (0, 7]. The
following result provides a simple criterion for this.

Proposition 7.1. (Local boundedness of the density.) Let 0 < M < oco. Suppose that o(t) =
to(t) is locally bounded on (0, M) and that g is locally bounded in (0, r] for some r > 0.

(a) g islocally bounded on (0, M). Moreover, if o is bounded on [a, 00) for any a > 0 then
g is bounded on [a, 00) for any a > 0.

(b) Under the extra assumption that o is continuous on (0, M), g is continuous on (0, M).

Proof. Without loss of generality, assume that r < M.
(a) Fix 0 < & < r/2with [j ¢ < r/2. Fixc € (r, M). By Lemma 3.1, for any x € [r, c],

Fo) L
g = [ T —vdv<- | owstx—v)dv
0 X rJo

1 ¢ 1 X
= —/ o(w)g(x —v)dv+ — sup o(v) | gx —v)dv
rJo T vele,c] e
1 [¢ 1
< —/ oWl — v+~ sup o). (7.1)
rJo T vele,c]

Givenh > 0,let g, (x) = Kl f;_h g. Then gj, is continuous on R and from (7.1), for x € [r, c],

1 [¢ 1
gn(x) < ;/0 o(W)gn(x —v)dv+ — sup o(v).

T vele,c]

Let S ={x €[r,c]: gn(x) > gh(v) forallv € [r — &, x)}. If S # O then, for any x € S and
v e [0,¢e],x —v >r — ¢, and so the above inequality yields

gh( ) gnx) 1
2

— sup o(v).

T vele,c]

gn(x) =
T vele,c]

It follows that, for any x € [r,c]l, gn(x) < (2/r) Supyc(e ¢ @(v). On the other hand, if
S = & then, for h < r/6 and x € [r, cl, gn(x) < Sup,c(r—e.r1 8h (V) < SUPyer—e—p 1 8(V) <
SUPye(r/3,r] g(v). In any case, for all small 7 > 0 and x € [r, c],

2
gnlx) < - sup o(v) + sup g(v).

vele,cl velr/3,r]
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Let h — 0. Since g5 — g almost everywhere with respect to the Lebesgue measure, g is
bounded on [r, c] \ A for some set A that has zero Lebesgue measure. Then, by the integral
relation in Lemma 3.1, g is uniformly bounded on [r, c]. Since ¢ € (r, M) is arbitrary and, by
assumption, g is locally bounded on (0, ], g is locally bounded on (0, M). Furthermore, from
the above inequality, g, (x) < (2/r) sup,>, 0(v) + SUPyefr/3,1 8 (V) for x > r. If o is bounded
on [a, oo) for any a > 0 then it is not hard to see that g is bounded on [a, co) for any a > 0.
(b) Fix x € (0, M). Given a € (0, min(x, M — x)/2), by Lemma 3.1, for any § € (—a, a),

x+6 X
|(x +68)g(x +6) —xg(x)| = ‘/0 o()gx +68 —v)dv — /O o(w)g(x —v)dv

a+sé a
i / o(w)gx +48—v)dv +/ o(w)gx —v)dv
0 0

x+8 X
+ f 0(W)g(x +5 — v)dv — / 0()g(x —v) dv

+4

2a X
<2 sup g(u) : Q+/ lo(v +8) —o()|gx —v)dv.

lu—x|<a

By dominated convergence,

2a 2a
m [+ 8)g(x+8) —xg <2 swp g [ o<2 s g / o
§—0 lu—x|<a 0 uelx/2,(x+M)/2] 0

Since a is arbitrary, the limit is 0. As x > 0, this implies that g is continuous at x.

Appendix A
In Section 5.2, for fixed @ > 0, we made the following claims.

(C1) E Dq(r) is uniformly bounded for r > 0, with D{(r) the amount of time required to
sample Z ~ ID()) conditional on Z < r, with A() = t~*~'1{r > 0}.

(C2) E Dy (r) is uniformly bounded for r > 0, with D (r) the amount of time required to
sample « from the probability mass function py = by / ZiZO b;, k >0, where by = 1,
and, for k > 1, by = a0 T (ka)/ T (k) with® = T'(1 — a)/(r%a).

(C3) E D3(k, z) is uniformly bounded for k > 1 and z € (0, 1], where D3(k, z) denotes the
amount of time required to sample ¢ ~ Beta(ka, 1 — ) conditional on ¢ < z.

(C4) EN < exp{r */a}asr — 0, where N is the number of iterations of the algorithm in
the section.

As the proof of (C1) depends on part of the proof of (C4), we first establish (C2)—(C4).

Proof of (C2). Define py = 0 for k < 0. All we need is pj to be log-concave, i.e. p,% >
Pk—1DPk+1 for any k, as it allows rejection sampling of p; with no more than five iterations
on average [14], [19]. One issue here is the difficulty to evaluate the normalizing constant
C=C(r)= Zk br. However, it is relatively easy to find C; = C;(r), i = 1,2, such that
Ci <C < Crand 0 < inf,(C{/C) < sup,(C2/C) < oo. Then the rejection sampling can be
modified by using by /C2 < pr < bx/C1, while still achieving a uniformly bounded expected
number of iterations. For example, the dominating function in Section 3 of [14] can be modified
to (by,/C)min(1, e!~n/CDUXI=1/2)) "where m = arg max; by.
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Let f(x) = I'(ex)/T'(x), x > 0. Since I'(x) ~ 1/x as x — 04, f can be continuously
extended to 0 with f(0) = 1/a, yielding by = a6 f (k) for all k > 0. Thus, to show that
pr is log-concave, it suffices to show that (In f)”(x) < 0 for x > 0. We have (In /)" (x) =
o2y (ax) — ¥ (x), where ¥ is a polygamma function [2]. From the integral representation of r,

I £Y'(6) /OO o’te™ dt /OO te= dt /Oot . 1 1 d
n X) = _ = = e — ,
0 1 —e? 0 1 —e! 0 1— Cit/a 1 —e!

which is indeed negative since @ < 1.

Proof of (C3). The particular parametrization of the beta distributions is not important. Let
T,.»(r) denote the amount of time taken to sample { ~ Beta(a, b) conditional on ¢ < r.
Clearly, D3(k,r) = Tia,1—a(r). Given ap and b € (0, 1), consider the following proce-
dure.

e Fix ¢ € (0,a9). If r = 1 — ¢/a then keep sampling ¢ ~ Beta(a, b) until { < r;
otherwise, keep sampling U, V ii.d. ~ Unif(0, 1) until V < [(1 — r)/(1 — o112,
where ¢ = rU'/4.

We show that E 7, ;,(r) is uniformly bounded for a > ag and r € (0, 1] by using this
procedure. First, it is clear that P{¢ < 1 — c¢/a} is a positive continuous function in a > ag. As
a — 00, B(a,b) =T(@)L'()/T(a+b) ~T(b)a"?, giving

¢ ab l—c/a
P 1— =~ a—1 1— b—1 d
{§ < a} F(b)/o xH (1 =x) x

1 9 a—1
= —/ A RS R
ro) J. a

1 [o)0]
o / e Pl ar
r'o) J.

> 0.

Thus, letting pg = inf,>4, P{¢ < 1—c/a}, wehave pg > 0. If r > 1—c/a thenin eachiteration
of the rejection sampling the probability of acceptance is P{¢ < r} > P{¢ < 1 — c¢/a} > po,
which leads to ET,, 5 (r) < py 'E T, »(1). It is known that, using suitable rejection sampling,
sup, ET,»(1) < 0o [13]. Asaresult, ET, ;,(r) is bounded fora > apandr > 1 — ¢/a. On
the other hand, if » € (0, 1 — ¢/a) then, as the density of U/ is 1{0 < t < r}at®~!/r?, the
rejection sampling indeed generates { ~ Beta(a, b) conditional on ¢ < r. In each iteration,
the probability of acceptance is

1 1
(1—r)1—”f (l—rtl/“)b_ldtz(l—r)l_b/ (1 = rel/b=l gy
0 e!

2 (1 _ r)l—h(l _ e—l)(l _ re—]/a)h—l

- ¢/a 1-b
>(l—e )<1—(1—c/a)e1/a> .

The right-hand side is a positive continuous function of a > ag and can be shown to converge
to (1 —e H[c/(c+ 1)]'"? > 0as a — oo. This implies that the probability of acceptance is
uniformly bounded away from O fora > ap andr € (0, c¢/a). Asaresult, E T, 5 (r) is uniformly
upper bounded.
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Proof of (C4). The proof of the asymptotic of

r ¢ o (]
EN =expl — { P{Y <7) 1+/ es—rlaz/ T(-e)/* g
o 0

1/a

as r — 0 is an exercise in the saddle point method [23]. Define ¢ = r[a/ (1 — )]"/* and

M = (a/e)*/1=®) By the change of variable z = M (1 — 1),

% ez-rlaz/ T(1-a)V/e % zmszlle
/ el rlaz/ o dZZ/ el dz
0 0

1
_ M/ MA—D—eM (1) 4
—0o0
! M{(1-t)—a(1-1)1/%]
=M/ e « dr.
—0oQ

The function f(r) = 1 — ¢t — a(1 — 1)!/% is smooth on (—oo, 1) and maximized uniquely at
t =0with f(0)=1—aand f”(0) =1—1/a <0. Asr — 0, M — oo. Then, by the saddle
point method,

1
o 2
M/ MIA=0-a(=0"1 4, _ pr1p +o(D)] 7; oMf(0)
—00 M| f70)]
2 M
=1 +o(1)]. | X2 M-
l/a—1

Next, since Y has Lévy density A(r) = =" '1{t > 0}, ¥ ~ [['(1 — «)/a]'/*S, where S has
Laplace transform exp{—6%}. Then, by [10],

P{Y <r}=P{S < ¢}
l T

= —/ exp{—e 1" n)} dr

T Jo
1 T
—f exp{—Ma == n1)} dt,
T Jo

where # is a function defined as

sin((1 — a)#)[sin(ar)]/ 1=
(sin )1/

h0) = (1 — )0 ) = 10 <t<m}, t#£0.

By concavity, sin(at) > asin(t) fora € (0, 1) and ¢ € (0, ). Thus, & is minimized uniquely
att = 0. Using sint =t — t3/3! + .-, it is straightforward to check that & € C*°[0, 7),
h'(0+) = 0, and 7" (0+) > 0. Noting that the integral for P{Y < r} is over an interval to the
right of 0, by the saddle point method,

/(=) —a/(1-a)
PlY <r}=[+oD]|-———e M o),
==+ oh o o

Since /1= (0) = 1 — &, we then obtain EN = exp(r~%/a), as claimed.
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Proof of (C1). Let S be as above. By scaling, it suffices to show that the expected time to
sample S conditional on S < r is uniformly bounded for r > 0. From [10], S can be embedded
into a random vector (£, S) such that & ~ Unif (0, 1) and, conditional on &, P{S < r | £} =
exp{—r“"/(l_“)h(é)} and S ~ [h(&)/W]I=/% with W ~ Exp(1). Therefore, to sample S
conditional on S < r, we can first sample £ conditional on S < r, and then, given &, sample
W ~ Exp(1) and set

h() (e
_r[h<s>+Wra/“—“>] |

To establish (C1), it suffices to show that K, the expected number of iterations required to
sample & conditional on § < r, is bounded for r > 0. By Bayes formula, conditional on
S < r, the density of £ is in proportion to g, (t) := exp{—r‘“/(l_“)h(t)}. It is easy to see that,
using rejection sampling, we can have sup,.,, K, < oo for any fixed ro > 0. Therefore,
we need to show only that sup, ., K, < oo for small rp > 0. From the proof of (C4),
there exists ¢ > 1/h”(0+) such that 2(t) > h(0) + t2/(2c) for all + € (0, ). Consider
the following procedure: keep sampling X ~ N (0, cr®/(1=®) and U ~ Unif(0, 1) until
U < exp{—r~%U=9[n(|X|) — h(0) — X?/(2¢)]} and then return £ = |X|. This procedure
samples £ conditional on S < r. The probability of acceptance of each iteration is

1 0
W/ exp{—r~*/ "= [h(|t]) — h(0)]} dz
cr —00

1 N £ e
= T LN s

|
= Jeh (0D

>0 asr — 0,

where the last three lines are due to the saddle point method. It is then easy to show that, using
the above procedure, K, is uniformly bounded for all small 7.

Appendix B

In Section 6.3 we made the following claim. Let A() = ce™"(1 — t*)1{t > 0}/[tIn(1/1)]
with ¢ > Oand a > 0, and let Z ~ ID(A). Then, for a constant A = A(a), as r — 0 while c is
fixed,

LG
P{Z <r}=[1+o(l)]e”“"*|In - .

To prove the claim, for any r < ez~ nr + X, +7Y, where 1, X;, and Y are independent
i.d. random variables with Lévy densities 1{r < r}A(r), 1{r < t < e 'JA(¢), and 1{r >
e~ 1JA(1), respectively. We seen that P{Z < r} = P{n, < r}P{X, = 0}P{Y = 0}. First, by
the Markov inequality, for any s > 0,

P{n, > r} <E@E"/"™)

s/r 4 ce 11—t 3 }
_exp{/ (e o n(i/7) ——df —=

=1 .st/r _ _
§exp{1n(l/r)/0t (e 1)drs s}.

https://doi.org/10.1239/aap/1346955267 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1346955267

872 Z.CHI

By the convexity of the exponential function,

_c fe”/’dt—s} :exp{—c(es_l) —s}.
In(l/r) Jo r In(1/r)

r

P{n, >r} < exp{

Letting r — 0O followed by s — oo, we see that P{n, > r} — 0 and, hence, P{n, <r} — 1.
Next, by the property of the Poisson process,

-1 -1 —c
_m_ [ _ () [ cde _ el 1
P{X, =0} = exp{ /r AD) dt} =c exp{ /r T n(1/0) } =c [ln(r>] ,

where

e! _ a—t __za el _ a—t __za
I(r):/ wdt—)l(O):/ Mdt«n
” tin(1/t) 0 tIn(1/t)

Finally, P{Y = 0} = e ¢ where J = f eo,ol A < 0o. Combining the results, we obtain
P{Z < r} ~eU=TOD[In(1/r)]7¢, as claimed.
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