MATHEMATICS OF COMPUTATION

Volume 70, Number 233, Pages 297-306

S 0025-5718(00)01231-X

Article electronically published on February 23, 2000

FAST CONVERGENCE OF QUASI-MONTE CARLO
FOR A CLASS OF ISOTROPIC INTEGRALS

A. PAPAGEORGIOU

ABSTRACT. We consider the approximation of d-dimensional weighted inte-
grals of certain isotropic functions. We are mainly interested in cases where
d is large. We show that the convergence rate of quasi-Monte Carlo for the
approximation of these integrals is O(y/logn/n). Since this is a worst case
result, compared to the expected convergence rate O(n_l/ 2) of Monte Carlo,
it shows the superiority of quasi-Monte Carlo for this type of integral. This
is much faster than the worst case convergence, O(log?n/n), of quasi-Monte
Carlo.

1. INTRODUCTION

The Monte Carlo method (MC) is frequently used for multidimensional integra-
tion. The expected error of MC, using n integrand evaluations, is of order n—1/2
independent of the dimension. However, this convergence is not fast, and a large
number of evaluations may be necessary.

Quasi-Monte Carlo (QMC) methods evaluate the integrand at deterministic
points in contrast to MC methods, which use random points. The deterministic
points are, roughly speaking, uniformly spread because they belong to low discrep-
ancy sequences. The Koksma-Hlawka inequality states that the worst case QMC
error for multivariate integration is of order logd n/n, where n is the number of inte-
grand evaluations and d is the dimension. A similar bound for the average error of
multidimensional integration is shown by Wozniakowski [I8|. Niederreiter [6], and
Drmota and Tichy [3] are authoritative references on low discrepancy sequences,
their properties, and their applications to numerical integration.

The concern about the QMC error is that log? n/n becomes huge when n is fixed
and d is large as sometimes happens in practice. This has contributed to the belief
that QMC methods should not be used for high-dimensional problems [1]. However,
tests by Paskov and Traub [12] and Paskov [I3] showed that QMC methods can be
very effective for high-dimensional integrals arising in computational finance. They
used QMC methods to approximate 360-dimensional integrals required for pricing
a collateralized mortgage obligation. Other papers reporting the success of QMC
methods for problems in finance include [4, [7, [T0]. A survey of the state of the art
may be found in Chapter 4 of the monograph by Traub and Werschulz [17].
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298 A. PAPAGEORGIOU

One of the hypotheses advanced to explain the success of QMC methods is that
the financial problems are nonisotropic since some dimensions can be far more im-
portant than others. In a recent paper, Sloan and Wozniakowski [I4] used this fact
to obtain a possible theoretical explanation for the surprisingly good performance
of QMC methods for problems in finance.

Papageorgiou and Traub [11] used QMC-GF, a QMC method using points from
the generalized Faurd]] sequence [15], for a model isotropic problem suggested by
a physicist B. Keister [5]. Their tests on high dimensional instances of this prob-
lem (d ranging from 25 to 100) showed the superiority of QMC-GF over MC and
over Keister’s proposed quadrature rules. Tests on the same problem by Novak et
al. [9] showed that QMC-GF performs extremely well compared to NEW [§], an
interpolatory algorithm for multidimensional integration of smooth functions.

In this paper we prove that the worst case speed of convergence of QMC for
a class of isotropic functions (which includes the ones tested in [I1]) is of order
Viogn/n. Thus, QMC has two advantages over MC for this class of integrals:

e QMC converges as y/Iogn/n while MC converges as n~ /2.
e The worst case error of QMC is O(yv/logn/n) while only the expected error
of MC is O(n~1/2).
We summarize the remainder of this paper. For the reader’s benefit we briefly list
certain properties of low discrepancy sequences in the second section. The problem
is formulated in the third section, and fast convergence is proven in the last section.

2. LOW DISCREPANCY SEQUENCES

Discrepancy is a measure of deviation from uniformity of a sequence of points.
In particular, the discrepancy of n points z1, ..., z, € [0,1]¢, d > 1, is defined by

A(E;n) _A\E)

DD =D (g, ... x,)=sup -

E

)

where the supremum is taken over all the subsets of [0,1]¢ of the form E =
[0,21) X - x [0,tq), 0 < ¢t; < 1,1 < j < d, A denotes the Lebesgue measure,
and A(E;n) denotes the number of the z; that are contained in E. A detailed
analysis of low discrepancy sequences can be found in [3, [6, 15] and in the refer-
ences therein.

A sequence 71, T2, ... of points in [0,1]¢ is a low discrepancy sequence if
1 d
D@ < o)1y 51,
n

where the constant ¢(d) depends only on the dimension d.

The Koksma-Hlawka inequality establishes a relation between low discrepancy
sequences and multivariate integration (see [6]). If f is a real function defined on
[0,1]¢ of bounded variation V(f) in the sense of Hardy and Krause, then for any
sequence 1, ...,Z, € [0,1)¢ we have

_l 3 ; (d)
/[0,1]d f(z)dz - ;f(xl) < V(f)D9.

I The generalized Faure and the Sobol’ low discrepancy sequences are included in FINDER,
a Columbia University software system, and are available to researchers upon request by writing
the author.
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So far, we have discussed the discrepancy of a sequence of points with respect
to the Lebesgue measure. We briefly discuss the case where the uniformity of a
sequence is assessed with regard to a probability measure p and introduce some
notation that we will use later. We assume that the support of p is Ry and that p
is absolutely continuous with respect to the Lebesgue measure.

Forn > 1,let z; € Ry, i =1,...,n, be any given points. Define the difference
between the empirical distribution (approximating p using the points ;) and the
measure p by

A(E;n)
Ru(E) = == — u(B), ECRy,
where A(FE;n) denotes the number of x; contained in E and does not depend on p
but depends only on the points z;. The discrepancy of the points x;, i = 1,...,n,
with respect to the probability measure p is defined by

Dyn = Dpn(x1,..,20) = Sl}ép |Ru(E)l,

where the supremum is taken over all sets of the form F = [0,z), z € Ry.
For x > 0 we use the following notation:

p(x) = p(o,x)),
Rox) — dic1 17[;)@)(3%) (o) = dic1 1[0,;235))(#(3?1)) (o),

where 14 denotes the characteristic function of a set A. Thus, given a low discrep-
ancy sequence (with respect to the Lebesgue measure) ¢; € [0,1], i = 1,2,..., the
sequence z; = u~(t;) € R4, i =1,2,..., has discrepancy D, ,, with respect to the
measure p, and satisfies Dy n(21,...,25) = Dsll)(tl, ..oytn), m > 1. For brevity,

when d = 1 we will write D,, instead of DS).

3. PROBLEM FORMULATION

We consider the approximation of a weighted high-dimensional integral of the
form

(1) 1h) = [ f(lalhe " da,

where d is the dimension, f: R — R, and || - || denotes the Euclidean norm in R¢.
We also assume that f is such that the integral (1) is well defined and f’ exists a.e.

The integral (1) can be reduced, via a change of variable, to a one-dimensional
integral, which can often be solved analytically, e.g., f = cos. We do not do this
because we want to assess the performance of QMC methods for d-dimensional
integration. In [IT], the empirical convergence rate of QMC is proportional to n~1,
as if it sees that this is really a one-dimensional problem. In contrast, the empirical
convergence rate of MC remains proportional to n~'/2; it does not see that the
problem is really one dimensional.
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We obtain an equivalent integral over the cube [0,1]¢. We have

)
_ 2lNe—1el? gg — 9—d/2 e llul?/2
1) = [ fQale = o =272 [ gyl v ay

~lyl2/2 d
e RGeSO

j=1
where ¢ is the cumulative normal distribution function with mean 0 and variance
1

)

P(u) = \/% /_u e ds, € [—o0,00].

Let t; = (ti1,...,tia) € [0,1]¢, i = 1,...,n, be any deterministically chosen
sample points. Let z; = (zi1,...,7:a) € R, be such that z;; = ¢~ (ti;), j =
1,...,d,i=1,...,n. We approximate the integral (1) by the QMC method

rdj2 1
(3) Ian(f) = o Zf(|\xi||/\/§)~
i=1

We derive the error equation and the convergence rate of the method I, for
the following class of functions.

Definition 1. F' is the class of functions f : R — R, such that I;(f) < oo, f is
absolutely continuous, f’ exists a.e., and

esssup{|f'(r)|: r e R} < M,
where M is a constant.

The examples originally considered by Keister [2,[5] and later by Papageorgiou
and Traub [I1], and Novak et al. [9] belong to F' since f = cos. The example
f(r) = (14722 in [2,[9] also belongs to F.

4. SPEED OF CONVERGENCE

In this section we derive the error and the convergence rate of the method (3)
for the integral (1) in the class F. We have

Y ) = 2 [ (el VD ds
Rd
= e [T VB e
0
— 7Td/2 OO r /r r
| e,

where ¢y = 2742 /T(d/2) and p/(-) is the density function of the distribution p of
r = ||z, z € R% Note that r? = ||z||? follows the chi-square distribution (see [16]
for the relationship between p and the chi-square distribution).

First we consider integrals with Gaussian weights and derive the error of a
method that uses the average of n function evaluations, at arbitrary points, to
approximate them. Then we show the error of the method I;,, in the class F', and
derive certain auxiliary inequalities for the measure p. We conclude the section by
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showing that for a particular choice of the n sample points the convergence of the

method Iy, is O(v/logn/n).

Lemma 1. Let h : R —» R, d > 1, be a function such that f]Rd (l=])e~ =1 g <

00, h is absolutely continuous, and h' exists a.e. Let x; € R?, i =1...,n be any
points, n > 1. Then

o—llel?/2 1 & o0
e Sz do = 2 Sl = [ Rrw )
i=1

where  is defined in (4) and R, (r) = %Z?zl Lo,y (J2il]) — p(r), r € Ry

Proof. Niederreiter [6] exhibits the error of a quasi-Monte Carlo method approxi-
mating the integral of a differentiable function. We apply a similar technique. For
n, d > 1 consider z; € R?, i =1,...,n. Then

e—llzl? /2 i

L0 G e = S )
:/O h(r)u dr——zh (1)
_ / h(w@))dt_ﬁzmnxin)

=/ <>dt——2gsz 5 = p(lail), g = hopu?

i=1

1?’L
/R t)dt, R(t :EZ 0.0 (51)

:/ R dh(z)
0
dp~ (1)

1
:/ R dh(z
0 )

-/ " ROu(r)H (r) dr
= /00 R, (r)h'(r)dr,
0

(u=1) (1) dt

z=p=1(t)

which completes the proof. [l

In the proof of the Lemma 1 we have used the quantity R, (r) = R(u(r)), r € Ry,
which is bounded from above by the discrepancy D,, of the points u(||z;]), ¢ =
1,...,n. This suggests that good sample points can be obtained by appropriately
transforming one-dimensional low discrepancy sequences as we will see below.

We now turn our attention to the integral I;. For each f € F, we define the
error of the method Iy ,,(f) by

e(Lan, f) = [La(f) = Lan(f)]-
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We also define the worst case error of this method in the class F' by

6(Id,n) = sup e(Id,n; f)
feF

Accordingly, the quantity e(Iq1, f) is the error we obtain using a sample of size 1.
This quantity can also be viewed as the initial error of the method I, (f) when
n > 1.

Lemma 2. For f € F, the method 1, approzimates the integral 14 with error
/2
V2

where p is defined in (4), Ru(r) = 230 1o (2ill) — p(r), and z; € R?, i =

T n
1,...,n are arbitrary but fized sample points.

Ry (r)f'(r/V2) dr

R+

e(Id,Tu f) =

)

Proof. The proof follows from Lemma 1 by setting h(-) = 7%2f(-//2). O

Theorem 1. For the class of functions F', the error of the method (3) satisfies

- G(Idﬁl) ” .
= o) / B () dr.

where p(||z1]]) = fR+ Lo, (1)) = u(r) dr, and z; € R®, i = 1,...,n are arbitrary
but fized sample points.

e(Id,n)

Proof. Using Lemma 2 and by considering a function f € F' such that |f'| = M
and R, (r)f'(r/v/2) > 0 we derive e(I4,,). Similarly, we derive e(I4,1) and the proof
follows. O

We proceed to obtain bounds for 1 — pu(r), » > 0, on which the value of the
quantity fR+ |R,(r)| dr depends. We have

L—p(r) = /oo 1 (y) dy

/ wir+y)dy = cd(27r)*d/2/ (r+ y)dflef(r+y)2/2 dy
0 0

oo d-1
_ 'ydrdfle"’2/2/ (g+1> VeV /2 gy N = ca(2m) 42
0

r
a1 272 [ _wy 422 d—1 2
< yr® e eWe TV %dy, w=r——— andr*>d>1
O r

2
< grdlemT 21

where the last inequality holds by virtue of the fact that fooo e Vidy =21 2>0,
and e~¥’/2 < 1. Since r? > d > 1, we conclude that w=! < d/r (for d = 1 the

above expression holds for w = r > 1) and that
p(r)
r

(5) 1—p(r) < d’ydrd_Qe_rz/Q =d ,r>Vd> 1.
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In a similar way we derive a lower bound for 1 — u(r). We have

o0 —
L—pu(r) = ~artte/? / (L) emeizgy

0 T
o0

(6) > %ﬂ'd*e*ﬂ”/ e Ve V2 dy
0
1 1

2 ,_Yd,rd—le—rz/Q <; _ T_?)) , T > O7

where the last inequality can be found in [16 p. 174].

Theorem 2. There exist deterministic points x; € R, i =1,...,n, for which the
error of the method 1., for the integral Iy is bounded as follows:

6Ud,1)£ o d "
lan) < =5y 5 l\/ 2! g(F(dm )”

where ¢ is a constant, p(¢) = fﬂh 1110, (C) = p(r)|dr, and ¢ = p=1(1/2), i.e.,
e(lgn) = O(v/logn/n).
Proof. Let t; € [0,1), i = 1,...,n, be n numbers with discrepancy D,, = ¢/n,
where ¢ > 1/2 is a constant. For instance, these numbers can be n terms of a low
discrepancy sequence or a (t,m,1)-net. It is shown in [6] that the discrepancy of
these points is given by

(1+0(1)),

21— 1
2n

where ty < <ty < Sy denotes the ordered sequence of the points.
This implies that the discrepancy of the sequence

. T _ ~1
Ti:{t_tl ift; <1—(4n) i

Dn = % + II;I%X” t(i) —

Y

(4n)~!  otherwise ’ 20 eafhs
cannot exceed ¢/n and its maximum term satisfies 7(,) < 1 — (4n)~1. Hence,
without loss of generality, we assume that ¢(,) <1 — (4n)~".
Consider z; € R? such that u(||z;||) = t;, i = 1,...,n. Let r* = r*(n) =
maxi<;<n{|zi||}, assume that n is sufficiently large so that r*? > d > 1 and

consider the error equation of Theorem 1. We have

e(Id,n) _ 1 , . L . .
e(Tar) ~ Pl / Bur)ldr < 20y / B ()] dr,

because p(s) > p(¢), Vs € Ry, for ¢ = p~1(1/2). Thus,

e(La,n) " OO
p(C) < [ |R.(")|dr+ [ [1-p(r)dr
e(lar) = Jo r
Since |R,(r)| < ¢/n, r € R4, we estimate the first term of the above equation by
cr*/n. We estimate the second term using (5) and

| IR@lds< [T pelds < di - p) vz Vi
and 1 — u(r*) < ¢/n. Thus,

e(Id,n
6(Id71)

~

<

p(C) (r* +d).

Sle
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Consider the function

= d’ydrd_Qe_Tz/Q, r>Vd>1.

We estimate its inverse, g~', by

B 1/2
h(q>—{2 [log<adq—1>+d 21oglog<adq—1>}} — /2Tog(aag (1 + (1),

where ag = d/T'(d/2). Indeed,

d%ﬂ(d—z)/z (d—2)/2

glh(g) = D270 {10g<adq—1> L4

aqd

P
log 1og(adq‘1)}
y q
[log(aag™1)]d=2)/2
= q(1+o(1)), asq—0.

From (5) and (6) we have tight bounds for p(r),

ég(r)(]_—é)ﬁé (){1—%]<1—u(r)§g(r), r>Vd>1.

The function g is decreasing for r> > d — 2, which implies that g=*[1 — pu(r*)] > r*.
We substitute r* by the value g~ 1[1 — u(r*)] in the error estimate to obtain

6(Id,n
e(la)
Since we have assumed that t(,) < 1 — (4n)~! and p(r*) = t¢,), we have 1 —

wu(r*) > (4n)~!. This implies that r = g=[1 — u(r*)] = /2log(aqn)(1 + o(1)),
which completes the proof. O

~

p(C) < —(g7 'L = p(r)] +d).

Sl

We do not know if the bound of Theorem 2 is sharp. The proof of Theorem 2
not only shows how good sample points can be obtained but also how the quality
of any sample can be assessed by calculating the discrepancy of its points. If the
discrepancy D, , of the sample points z;, ¢ = 1,...,n, is small, then the error of
the method I, will be small.

The quantity /2log(aqn), ag = d/T'(d/2), in the error bound of Theorem 2 is
small in practice. For d as small as 6 a sample of size n > 10® is required for

v 2log(agn) > d.
Corollary 1. For \/2log(aqn) < d, aq = d/T'(d/2), we have

6(Id71)
p(C)

Corollary 2. If r* is small so that 7* = r*(n) < \/d, then we have

e(Ian) < 24°.

3

6(Id71) E
e(Id,n)S P(C) [\/E‘Fd]n
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Proof. When r* < v/d we cannot directly use (5) as we did in the proof of Theorem
2. Using |R,(r)| < ¢/n, r € R4, we have

oo \/E oo
|l < [Cirolars [ - uear
0 0 Vd
d d
< -] < L ap - )
< %[\/ﬁ +dJ,
which completes the proof. O

Corollaries 1 and 2 show conditions that relate the size of the dimension d and
the sample size n and how these conditions affect the error of the method I ,,.
These conditions can be interesting in practice.

In all cases, the size of D, , and the conditions of the above two corollaries
can be easily checked to yield practical numerical error estimates. For instance,
the discrepancy of the points used by QMC-GF in [11] is small for n < 10° and
d < 100. This implies that they can be used to efficiently evaluate integrals of
functions in the class F'. Thus, simulation results reporting fast convergence even
when d is large as in [9, [TT] can be explained.
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