INFINITE-DIMENSIONAL QUADRATURE
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ABSTRACT. We study numerical integration of Lipschitz functionals on a Banach space by
means of deterministic and randomized (Monte Carlo) algorithms. This quadrature problem is
shown to be closely related to the problem of quantization and to the average Kolmogorov widths
of the underlying probability measure. In addition to the general setting we analyze in particular
integration w.r.t. Gaussian measures and distributions of diffusion processes. We derive lower
bounds for the worst case error of every algorithm in terms of its cost, and we present matching
upper bounds, up to logarithms, and corresponding almost optimal algorithms. As auxiliary
results we determine the asymptotic behaviour of quantization numbers and Kolmogorov widths
for diffusion processes.

1. INTRODUCTION

Let 1 be a Borel probability measure on a Banach space (X, || - ||) such that
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Moreover, let F' denote the class of all Lipschitz continuous functionals f : ¥ — R with Lipschitz
constant at most one, i.e.,

[f (@) = f(y)] <[l —yll, z,y € X.

We wish to compute
S(0) = [ f@) ntaa)

for f € F by means of deterministic or randomized (Monte Carlo) algorithms that use the values
f(z) of the functional f at a finite number of sequentially (adaptively) chosen points x € X.

The classical instance of this quadrature problem is given by X = R? and x being the uniform
distribution on [0,1]%, say, or the d-dimensional standard normal distribution. In the present
paper we are mainly interested in infinite-dimensional spaces X, and in particular we study
Gaussian measures i and distributions p of diffusion processes. Infinite-dimensional quadrature
is applied, e.g., in mathematical finance and quantum physics, and moreover it is used as a
computational tool to solve parabolic or elliptic partial differential equations.

We study the information cost of algorithms, which only takes into account the evaluations of
the integrand f, and we consider three different cost models. In addition to full space sampling,
which permits evaluation of f at any point x € X at cost one and which is commonly studied
in the literature, we introduce two variants of subspace sampling. Hereby we restrict the set
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of admissible sampling points and we increase the cost per evaluation in order to obtain more
realistic results for infinite-dimensional quadrature problems.

For fixed subspace sampling, f may only be evaluated at the points from a finite-dimensional
subspace Xy C X. For variable subspace sampling we have an increasing sequence of finite-
dimensional subspaces X; C X, and evaluation is possible at any point = € |J;2; X;. The cost
per evaluation is defined by dim(Xy) in the fixed subspace case and inf{dim(X;) : z € X;} in the
variable subspace case. The subspace or sequence of subspaces, resp., may be chosen arbitrarily,
but it is fixed for a specific algorithm.

To give an example we consider the approximation of S(f) in the diffusion case by means of
a weak Itd6 Taylor scheme together with piecewise linear interpolation. These schemes are most
commonly used with a uniform step-size 1/k, which corresponds to fixed subspace sampling.
The dimension of the subspace X, which consists of piecewise linear functions, is proportional
to k, and the overall information cost of the algorithm is proportional to the product of the
number of replications of the scheme and the number of time steps. The latter parameter would
be completely disregarded in the full space sampling model. Heinrich (1998) and Heinrich and
Sindambiwe (1999) have introduced multilevel Monte Carlo methods for computation of global
solutions of integral equations and for parametric integration, respectively. A multilevel algo-
rithm uses dependent samples in a hierarchy X; C ... C X,, of finite-dimensional subspaces
with only a small proportion taken from high-dimensional spaces. In the context of quadrature
problems for diffusion processes multilevel 1td6 Taylor schemes have been introduced by Giles
(2006), and here the subspaces consist of piecewise linear functions on a nested sequence of time
grids. The analysis in a fixed subspace model corresponding to X,,, would be inadequate, since it
does not capture the fact that a large proportion of samples is taken in low-dimensional spaces.

In this paper we present a worst case analysis of the quadrature problem on the Lipschitz
class F', and we optimally relate the error and the cost of algorithms. For each of the three cost
models we let e‘]{,‘itsamp and €, ,, With samp € {fix, var, full} denote the smallest worst case
error that can be achieved by any deterministic or randomized algorithm, resp., whose worst
case cost is bounded by N. We wish to determine the asymptotic behaviour of the minimal
errors e?\?tsamp and eﬁf}gamp, and we want to find algorithms with cost close to N and error close
to the corresponding minimal error. Hereby we can, for instance, answer the question whether
suitable multilevel Monte Carlo algorithms are superior to arbitrary randomized algorithms that
sample in a fixed subspace.

In the sequel we present our main results for Gaussian measures and distributions of diffusion
processes. We write ay =< by for sequences of positive real numbers ay and by if

0< 1nf aN/bN < sup an /by < oc.
NeN

1
Moreover, ay %9 ~ means that there exists v > 0 such that

lim sup (ln N)™" < oo and lim sup (ln N)T >0,

N—oo bN N—oo bN

which is used to simplify the presentation at this point. Note that ? defines a non- symmetric
relation, which, roughly speaking, means the following for sequences converging to zero: Up
to powers of In IV, any converges to zero at least as fast as by and subsequences ap, and by,
converge to zero at the same rate.
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Suppose that p is a zero mean Gaussian measure on a separable Banach space X, whose small

ball function
ple) = —Inp({z e X: ||lz]| <e})
satisfies
o) = e @ (Ine1)?

for some constants a > 0 and 3 € R as € tends to zero. This asymptotic behaviour typically holds
for Gaussian measures on infinite-dimensional spaces, see, e.g., the review article by Li, Shao
(2001). Consider, for instance, the distribution p of the fractional Brownian motion with Hurst
parameter H € |0, 1] on the space X = C(][0, 1]) or X = L,([0,1]) with p € [1,00[. Then a« = 1/H
and 6 = 0. A non-zero constant § appears, for example, in case of u being the distribution of
the d-dimensional Brownian sheet on the space X = Ly([0,1]%). Then a = 2 and 3 = 2(d — 1),
see Csaki (1984) and Fill, Torcaso (2004). Given the above small ball asymptotics, the minimal
errors satisfy

(1) et < (InN)~e - (Inln N)%/e,
see Theorem 1 and Proposition 2, and
1
€N full = N7,
(2) ﬁrizar 19/<g N~ min(1/2,1/oz)7

log
ran ¢ —1/(24«
e, < N /( )’

see Theorems 8—10 for more precise upper and lower bounds involving (3, too, via powers of In N
and Inln V.

Suppose that p is the distribution of an m-dimensional diffusion process on the space X =
C([0,1],R™), equipped with the supremum norm, or on a space X = L,([0,1],R™) with 1 < p <
o0. Under mild assumptions on the drift and diffusion coefficients the estimates (1) and (2) with
a =2 and § = 0 are valid, too, in the diffusion case, see Theorem 11.

We conclude that randomization helps substantially both in the Gaussian and the diffusion
case, as it turns a logarithmic decay for minimal errors even for full space sampling into a
polynomial decay already for fixed subspace sampling. Moreover, for randomized algorithms,
variable subspace sampling is as powerful as full space sampling if 0 < a < 2 and always
superior to fixed subspace sampling.

1
Note that the asymptotic analysis of minimal errors in the sense of 3 only provides lower
bounds that hold for infinitely many integers N. However, lower bounds that hold for every N
are available in the Gaussian case with o > 2, where
lim Ine??, /InN~Ve =1

N,var
N—oo ’

according to Theorem 10, and in the diffusion case on the space X = C([0, 1], R™), where

]\}Enoo In el]ﬂ\afl,r\l/ar/ln‘]\/vil/2 =1,

lim Inedh /InN~V4 =1
N—oo ’

according to Theorem 12.
The upper bounds for e}y, are achieved by classical Monte Carlo methods using independent
and identically distributed samples. The latter are drawn according to a normal distribution on

a suitable finite-dimensional subspace in the Gaussian case and by means of a weak Euler scheme
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in the diffusion case. The same kinds of distributions are used as building blocks for multilevel
Monte Carlo methods, which yield the upper bounds for e}, . In view of the lower bounds,
these algorithms are almost optimal in the corresponding cost model.

The results in the Gaussian and in the diffusion case are derived from general theorems
that relate minimal errors for the quadrature problem to best approximation of the underlying
distribution p with respect to a Wasserstein distance, where two kinds of constraints concerning
the support of the approximating measures turn out to be relevant. For the quantization problem
these measures are discrete, and the n-th quantization number qr(Ll) gives the distance of p to the
class of all probability measures on X with support of size at most n. The average Kolmogorov
widths d,(gl) is defined as the distance of u to the class of all probability measures on X that
are concentrated on finite-dimensional subspaces of dimension at most k. See, e.g., Chen, Fang
(2004), Creutzig (2002), Dereich (2003, 2007a, 2007b), Dereich et al. (2003), Dereich, Scheutzow
(2005), Graf, Luschgy (2000), Luschgy, Pages (2004, 2006), Mathé (1990), Pages, Printems
(2005), and Ritter (2000) for results and references concerning the quantization problem and
Kolmogorov widths.

As a well-known fact,

det _ (1
ENfull = AN >

see Theorem 1. In this paper we establish the lower bounds

ran 1 1/2 1) 1
et > £ - NV SBEN(qmq — a2,
m_
ran : ran (1)
EN fix = nlknng max (et ), ),

eKhar > max(efh, § - diy)
for the minimal errors of randomized algorithms in the different cost models, see Theorems 3,
5, and 7. Upper bounds in terms of quantization numbers and average Kolmogorov widths are
available as well, see Theorems 2, 4, and 6.

This paper is organized as follows. In Sections 2 and 3 we introduce the basic concepts and
definitions. Full space sampling is studied in Section 4, which contains general results, and
Section 5, where we briefly discuss quadrature problems on finite-dimensional spaces. Sections 6
and 7 are devoted to the analysis of randomized algorithms in the fixed subspace and the variable
subspace model. In Sections 8 and 9 we study Gaussian measures and diffusion processes, resp.,
and we apply the general results from Sections 4, 6, and 7. As auxiliary results we determine the
asymptotic behaviour of the quantization numbers and the Kolmogorov widths in the diffusion
case, see Proposition 3.

2. ALGORITHMS, ERROR, AND COST

2.1. Functional Evaluation and Cost Model. We assume that algorithms for approximation
of S(f) have access to the functionals f € F' via an oracle (subroutine) that provides values
f(x) for points = € X or a subset thereof. The cost per evaluation (oracle call) is modelled by a
measurable function

(3) ¢: X — NU{oo},

and we are interested in three particular such models, which will be presented in increasing
generality.
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For fized subspace sampling evaluations are possible only at the points from a given finite-
dimensional subspace
{0} € Xp C X,
and the cost for each oracle call coincides with the dimension of X(y. Thus,
dim(i{o), if z € Xg
(4) co(z) = { .
o, otherwise.
For variable subspace sampling we consider a sequence of finite-dimensional subspaces

{0} CX CcX2C...CX,
and the cost function is defined by

(5) c(z) = inf{dim(%;) : z € X;}.
Finally, for full space sampling, we have
(6) c=1,

i.e., evaluation of functionals f € F' is possible at any point = € X at cost one.

Remark 1. If dim(X) < oo then it is most natural to allow full space sampling, with the constant
one possibly being replaced by dim(X). This is no longer the case for infinite-dimensional spaces,
where full space sampling is mainly used to derive lower bounds for all of the cost models.

For both kinds of subspace sampling we think of bases associated to the subspaces, so that
c(z) is the (minimal) number of real coefficients needed to represent x and this representation
is actually submitted to the oracle.

Example 1. Let us illustrate fixed and variable subspace sampling by means of variants of
the weak Euler scheme, which is used here for quadrature with respect to the distribution of a
diffusion process with values in X = C(]0, 1], R). See also Remark 8.

With a uniform step-size 1/k and piecewise linear interpolation this scheme randomly gener-
ates elements x of the k + 1-dimensional subspace X of piecewise linear functions with break-
points at £/k. Hence we have an instance of fixed subspace sampling with an oracle that computes
f(z) at a cost c¢(z) = k + 1.

Sometimes extrapolation techniques are used to reduce the bias of the Euler scheme. In this
case we deal with variable subspace sampling, where X; consists of piecewise linear functions
with breakpoints at £/271 say, so that dim(X;) = 2°=! + 1. See, e.g., Talay, Tubaro (1990) and
Bally, Talay (1996). The multilevel Euler scheme, which simultaneously reduces the variance
and the bias, is based on variable subspace sampling, too, see Section 7.

2.2. Deterministic Algorithms. Any deterministic sequential evaluation of functionals f € F
is formally defined by a point
r1 €X
and a sequence of mappings
YRV x, 0> 2

For every f € F the evaluation starts at the point z;, and the mappings 1, determine the
subsequent evaluation points. More precisely, after n steps the functional values

y1 = f(x1)
and
yfzf(¢é(yl7"'7y€—l))7 €:2,...,7’L,
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are known. A decision to stop or to further evaluate f is made after each step. This is formally
described by a sequence of mappings

7 : R — {0,1}, 0>1,
and the total number n(f) of evaluations is given by

n(f)=min{l > 1: 7(y1,...,ye) = 1},

which is finite for every f € F' by assumption. Finally, an approximation

(7) S(f) = bn(p) W, Yn(p)
to S(f) is defined by a sequence of mappings

b RESR,  0>1.

The tuple 8 = (21, (1), (7¢), (¢¢)) will be considered as a deterministic algorithm, with algo-
rithm being understood in a broad sense, and the corresponding mapping S : F — R given by
(7) will be called the mapping induced by S. The class of all deterministic algorithms is denoted
by Sdet'

In every cost model (3) the cost for applying the algorithm S to f € F' is defined by

R n(f)
coste(S, f) = c(z1) + Y c(u(yr, - ye-1))-

(=2

Example 2. Note that St contains in particular all quadrature formulas. Here we have
N n
S(H) = ar- f(xe)
(=1

with a; € R and 2, € X. Clearly S is induced by 8 = (1, (1), (7¢), (¢¢)) with constant mappings
Yo =To,... Y =Ty, 1 =...=Tn_1 =0, and 7, = 1, i.e., all functionals f € F are evaluated
non-sequentially at the same set of n points. Furthermore, ¢ (y1,...,yn) = > /1 ar - Y. Any
such algorithm S will be called a quadrature formula with nodes x; and weights a,. We obtain

n

coste(S, f) = Zc(xg).

/=1
For instance, in a fixed subspace model (4) with Xy = span{x1,...,z,} we have COStC<§, f) =

2.3. Randomized Algorithms. A randomized (or Monte Carlo) algorithm based on sequential
evaluation is formally defined by a probability space (€2,2(, P) and a mapping

S:Q— st
which induces a mapping
S:QOxF—R
We require that

(i) S(-, f) is measurable for every f € F,
(il) w +— coste(S(w), f) is measurable for every f € F and every cost function c.
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We refer to Nemirovsky, Yudin (1983) and Wasilkowski (1989) for this and an equivalent
definition of randomized algorithms. In the sequel the random variable from (i) is denoted by
5 (f), and we use S™" to denote all randomized algorithms S with properties (i) and (ii) on any
probability space. Clearly, Sd¢t C Sran,

Example 3. Let a1,...,a, € R and Xq,...,X,, be random variables on a probability space
(2,2, P) taking values in X. Consider a randomized algorithm & :  — S% such that S(w) is a
quadrature formula with nodes X;(w) and weights ay € R for every w € 0, see Example 2. Then
S induces the mapping

S(w, /)= ar f(Xo(w))
/=1

and we have
n

coste(S(w), f) = e(Xy(w)),
/=1
so that (i) and (ii) are satisfied. The algorithm S € S™0 will be called a randomized quadrature
formula with random nodes X, and deterministic weights a,.
Taking a; = ... = a, = 1/n as well as Xi,...,X,, being independent and distributed ac-
cording to a Borel probability measure v on X, we obtain randomized quadrature formulas such
that

gn,l/(f) = 1/” : Zf(Xf)
/=1

Thus S*™" contains in particular the classical Monte Carlo method. By a slight abuse of notation,
we use §n,,j to denote any such randomized quadrature formula. Clearly, costc(gn,l,, f)=nin
the full space model. However, costc(gnv,,, f) = oo in every fixed or variable subspace model if
v(%Xp) = 0 for every finite-dimensional subspace Xy C X, and this excludes the most natural
choice of ¥ = p in many cases.

The weak Euler scheme with uniform step-size 1/k, see Example 1, leads to a method gﬂﬂ, with
v # i in all non-trivial cases. In the corresponding fixed subspace model we have costc(gm,,, f) =
n-(k+1). In other words, the cost is essentially given by the product of the number of replications
and the number of time steps.

2.4. The Worst Case Setting. The worst case error of S € S™n is defined by

~

o8) = sup (BIs() ~5(nP) ",

fer

which in particular for S € 9t reads

-~

e(S) = sup [S(f) — S(f)].
fEF

The worst case cost of S € S™1 is defined by

coste(S) = sup E(cost(S, f)),
fer

which in particular for S € St reads
coste( A) = sup costc(g, f).
fer



3. MINIMAL ERRORS AND APPROXIMATION OF DISTRIBUTIONS

A typical question that will be addressed in this paper is as follows: what is the minimal error
(S) that can be achieved by any randomized algorithm S using any kind of fixed subspace
sampling such that cost.(S) is bounded by N?

3.1. Minimal Errors. To formally pose this question together with obvious modifications we
use the following notation. Let Chyx denote the set of all cost functions given by (4) with any
finite-dimensional subspace {0} C Xy C X, let Cy,, denote the set of all cost functions given
by (5) with any increasing sequence of finite-dimensional subspaces {0} C X; C X, and let Cfyy
consist of the constant cost function one, see (6). For

alg € {det,ran}, samp € {fix, var, full},
and N € N we introduce the N-th minimal error
e?\lfgsamp inf{e(S): S €™, Jce Csamp : coste(S) < N}

At the beginning of this section we have therefore asked to determine eran . We add that
minimal errors are key quantities in information-based complexity, see, e.g., Traub, Wasilkowski,
Wozniakowski (1988), Novak (1988), and Ritter (2000).

Remark 2. Note that

alg < ealg

alg
€N full Novar S €

N fix*

3.2. Quantization and Average Kolmogorov Widths. We relate minimal errors for the
quadrature problem with respect to p to best approximation of u by means of

e probability measures with a finite support,

e probability measures supported on finite-dimensional subspaces.
In this way we determine upper and lower bounds for the minimal errors and construct almost
optimal algorithms for the quadrature problem.

For both variants of the approximation problem we consider the Wasserstein distance A(") ()

of order r > 0 on the space of Borel probability measures on X, i.e.,

1/r
A po) =it ([l =l plaer,e))
p XXX
where the infimum is taken over all Borel probability measures p on X x X with marginals p;. If
X is separable then A is a metric for r > 1, and

n /x J(2) pr(da) — /x /() pa(de)

AW (py, pa) = sup

according to the Kantorovich-Rubinstein Theorem. See Rachev (1991).
(r)

For the measure p the n-th quantization number ¢y’ of order r > 0 is defined as

g\ = inf{A") (u, i) : |supp(f)| < n},

and we have

(N = inf ¢ (z,...
n Zl’“l.l}tnexq (xla 7«7371);

where

1/r
¢"N@1,. . w,) = < min ||z — z||" p (dx)) .
xf—l, LN
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See, e.g., Graf, Luschgy (2000). In this context a collection of points z1,...,x, € X is called a

codebook for quantization of the probability measure u. Note that q%l) < 00, and furthermore

lim,, oo q,(Ll) = 0 if X is separable.

For the measure p the k-th average Kolmogorov width of order r > 0 is defined by
d,(:) — inf{A™)(y, 1) : dim(span(supp())) < k},

1/r
dg) = inf </ inf ||z — xOHru(dx)) :
x

dim(xo)Zk roE€Xo

and we have

See, e.g., Ritter (2000, Sec. VII.2.5) and Creutzig (2002) for results and references.

4. GENERAL RESULTS FOR FULL SPACE SAMPLING

Recall that full space sampling corresponds to the cost model defined by ¢ = 1, see (6).

4.1. Deterministic Algorithms. The quantization problem and the quadrature problem by
means of deterministic algorithms using full space sampling are equivalent in the following sense.
Since S is a real-valued linear mapping on a convex and symmetric set F', it follows that

(8) e%}un = inf {e(g) : § € S% is a quadrature formula, cost1(§ ) < N},

see Smolyak (1965), Bakhvalov (1971), and also Traub, Wasilkowski, WoZniakowski (1988, Chap.
4.5). Furthermore, for F' and S as studied in this paper we have

inf{e(g) S eStisa quadrature formula with nodes z1,...,xxy} = q(l)(xl, )

for every codebook xi,...,zy € X, see Kantorovich, Rubinstein (1958) and Gray, Neuhoft,
Shields (1975). The latter infimum is attained by a quadrature formula with induced mapping

N
(9) S(F) = uVe) - f(xe),
(=1
if Vi,...,Vn is a corresponding Voronoi partition of X. An (almost) optimal codebook therefore

yields an (almost) optimal quadrature formula, and the N-th minimal error e?\?tfun coincides with
the IN-th quantization number of order one.

Theorem 1. For every N € N

det _ (1)
ENfull = dN -

4.2. Randomized Algorithms. We first state an upper bound for the minimal error e}, in

(2)

terms of the quantization number ¢5’, which is a consequence of a well-known variance reduction

technique based on quantization, see Pages, Printems (2005). Note that limy_ q](\%) =0if X
is separable and [ [|z]|* u(dz) < oco. Under the latter assumption the classical Monte Carlo

1/2

method Sy, without variance reduction, see Example 3, only yields errors of order N™"/< in all

non-trivial cases.
Theorem 2. For every N € N

_ 2
esN g <2 N 2. (Iz(v)-
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Proof. Consider x1,...,xny € X as well as a corresponding Voronoi partition Vi,...,Vy of X.
For f € F let J(f) denote the interpolation of f at the points x, that is constant on the
corresponding cells V, i.e.,

N
J() = flae) - 1y,
/=1

Thus a deterministic algorithm with induced mapping given by (9) approximates S(f) by
S(J(f)). Consider a randomized algorithm & € S™" with cost1(S) < 2N and induced map-
ping given by

N
S(f) =S +1/N-D (f = ()Xo,
/=1
where X (1,..., X are independent and distributed according to - Hence the non-deterministic

part of S con51sts of applying the classical Monte Carlo method S, N, to f f=J(f). It follows

that
() = N7V sup ( /x (7))’ u(dz>) "

Since ]J?(iv)| <ming—;__n ||z — 2¢||, we obtain
1/2 B
(/ Pa)utda)) - +18(7)
q
2-

IN

(/. (Fer—s7)" wan)
Ny, .. o) + ¢ (e, on)

IN

IN

()(33]_,..., N)7

which completes the proof. O

We now turn to lower bounds for randomized algorithms. In this setting a result analogous
to (8) is not available in general, and therefore considerations cannot a priori be restricted to
randomized quadrature formulas. We use the following tool, which is due to Bakhvalov (1959)
and Novak (1988) and which holds for integration problems in general, see Novak (1988, Sec.
2.2.10).

Proposition 1. Let m > 4N, and suppose there are functionals f1,..., fm : X — R such that

(10) {zreX: filzx)£Z0}N{zeX: fj(x) #0} =0
for alli # j and

(11) Z&i -fieF
=1

forall 61,...,6m € {£1}. Then

e?ﬂull> 1. n1/2, .mm S(fi)-

=1,....m

A proper choice of the functionals f; in Proposition 1 yields a lower bound for the minimal

error ey, in terms of consecutive differences of quantization numbers of order one.

Theorem 3. For every N € N

1
> §- N2 sup (g = afy).
m=
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Proof. For ¢ € ]0,1] and m > 4N choose z1, ..., z, € X with
(12) @O @1, mm) S gl +(1—2) ) +5,
and consider the functionals
fi(z) = 3 - max(0, rjn;n |z — ;]| — ||z — z])), i=1,...,m.

Clearly (10) is satisfied and f1,..., fi, € F. Consequently (11) holds, too.
We claim that

1 — & 1 1
(13) S(f) > 5 (gl — ) — ¢
It suffices to prove the statement for ¢ = m. To this end consider a Voronoi partition Vi,...,V,,
corresponding to xi,...,%;,, and let Uy, ..., U,—1 be a Voronoi partition corresponding to

1., Tm—1. f 7 <m —1and x € V,, NUj then
fn(@) = 3 - (lz = x4l =l = zml)).-
Hence

/x fon@) pld) = | fin(z) plde)

Vim

m—1
I A R e
y mmUj Vm

- Z/ e — ;] pu(dz) - § - /Ilw—fﬂglludw)

1 Y (VmNU;)UV

j=
Note that the sets (V, N U;) UV, with j < m —1 form a partltlon of X as well, and every
€ (Vin N U;) UV satisfies

min o=y = [l = ]|

Thus
S(fm) =1 @V (@1, 2mer) — ¢V, 2m))
and (13) follows from (12).
It remains to apply Proposition 1 and to let € tend to zero. (]

The following consequence of Theorem 3 is useful, in particular, for finite-dimensional spaces X,
see Section 5. Recall that a sequence of positive real numbers a,, is regularly varying with index
—a < 01if lim,,_,e0 aL,mJ/an = k@ for every k > 0.

Corollary 1. If the sequence (qg))neN s reqularly varying with inder —a < 0 then

(1) 5
N = 25+2a

hmlnf N Full * N'2/q

Proof. Let g, = qél) for notational convenience, and put

g(m) = sup (q—1 — qr)
>m

for m € N\ {1} and let x > 1. Clearly,
9m — 4[km] _ — 4[xm)] /qm

— im

g(m) >

[km] —m [/ﬁm] -m
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Since limy, o0 Grem1/qm = £~ it follows that

—Q

1—
liminf g(m) - m/q, > —r
m—00 k—1

Letting x tend to one yields
liminf g(m) - m/qm > a.
m—0o0

Combining the latter estimate and Theorem 3 completes the proof. O

Corollary 1 is not applicable if the quantization numbers are slowly varying, which often holds
true in infinite-dimensional spaces X, see Sections 8 and 9. Instead, one may use the following
result.

Corollary 2. Let f:[0,00] — |0, 00][ be a convex and differentiable function. If
limsup ¢{"/f(n) > 1
n—oo
and
lim qg) =0
n—oo
then
limsup e’y <N1/2 “|f'|(4N + 3)) > 1/8.
N—o0

Proof. Fix € € ]0,1[, and put ¢, = qﬁll). By assumption

o0

qm_12(1_5)-f(m—1):(1—5)-/ _P(s) ds

m—1
holds for infinitely many integers m. Since gm—1 = > o, (qk—1 — qi), we also have
m
ot =z (1=2) [ f5)ds = ~(1-2)- f(m)
m—1
infinitely often. To every such m we associate N = [m/4]. Then m € [4N,4N +3] and Theorem 3
implies
et > —(1—e)/8- N2 f/(AN +3).
Letting € tend to zero finishes the proof. O

5. APPLICATION TO FINITE-DIMENSIONAL SPACES X

1 . . .
There are numerous results on e%}un or q§v) for finite-dimensional spaces X = R?, see, e.g.,

Novak (1988), Graf, Luschgy (2000), Wasilkowski, WoZniakowski (1996, 2001). Assume r > 1.
Then, under rather mild assumptions on u, and in particular for the uniform distribution on
[0,1]%, the quantization numbers satisfy

(1) Jim )NV =0

with some constant v(") = 4" (u, s, || - ||) > 0, see Graf, Luschgy (2000, Thm. 6.2).
Suppose that (14) is satisfied. Then Corollary 1 is applicable with o = 1/s, and we obtain

1
P ran  arl/241/s Y
liminf ey - V > 5
A matching upper bound is provided by Theorem 2, so that we end up with the well-known fact

ran - —1/2—1/s
EN full ~ N2 )
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see Novak (1988, Sec. 2.2.6) for the case of the uniform distribution p on [0, 1]°.
We conclude that, up to multiplicative constants, neither the upper bound in Theorem 2 nor
the lower bound in Theorem 3 can be improved in general.

6. GENERAL RESULTS FOR FIXED SUBSPACE SAMPLING

Throughout this section we consider randomized algorithms in a cost model defined by (4)
with any choice of a fixed subspace. Furthermore, we assume that p has a finite second moment,
i.e.,

(15) K=/ ||fv|!2u(dﬂf)>1/2 <.

We immediately get an upper bound for the error of the classical Monte Carlo method SA’W,,
see Example 3.

Lemma 1. For everyn € N,
~ 1/2
e(Spr) < ((A(Z)(u, V)2 - (1+2/n) + 2K> /n) .
Proof. Take k =1 in Lemma 2 below. O

Consequently we obtain an upper bound for the minimal errors in terms of the Kolmogorov
widths of order two.

Theorem 4. Let v > max(v/2 K,/3). Then, for every N € N,

ran : -1 (2)\2 1/2
eNfix <V nlknng (” + () ) .
Proof. Suppose that n,k € N with n -k < N and take a Borel probability measure v on X such
that
dim(span(supp(v))) < k, AP (v, ) <y/V3-d.

Then

-~

1/2
oS <7 (7 + (@2)?)"

by Lemma 1, and it remains to observe that costc(g’n,l,) < N for the fixed subspace model
corresponding to Xy = span(supp(v)). O

The following lower bound for the minimal errors corresponds to the extremal cases, where
either the dimension k of the subspace or the number n of evaluations may be arbitrarily large.
A corollary to this lower bound involves quantization numbers, too, via Theorem 3.

Theorem 5. For every N € N

ran : ran (1)
eN fix = n1kn<fN max(e; s dy )

Proof. Consider any randomized algorithm S with costc(§ ) < N in some fixed subspace model.
Let Xy denote the corresponding subspace, and assume that dim(Xp) = k. Define a functional
fo € F by fo = dist(-, Xg). Since S evaluates fy only at points from Xy with probability one, we
have

S(fo) = S(~fo)
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for the induced mapping, and consequently

() 4 (s - ) " + (B1sC10) - SP) ) 2 5050
Hence
efngélﬁ|u—xﬂuww>dm

z0EXo

On the other hand, put n = cost1(S) to obtain
e(8) = et
We conclude that e(S) > max(e e fulls d( )) for some k,n € N such that k-n < N. O

7. GENERAL RESULTS FOR VARIABLE SUBSPACE SAMPLING

Throughout this section we consider randomized algorithms in a cost model defined by (5)
with any choice of an increasing sequence of subspaces. As in Section 6 we assume that p has a
finite second moment, see (15).

Instead of a classical Monte Carlo method, which is based on independent and identically
distributed sampling, we employ a multilevel Monte Carlo algorithm to derive an upper bound

for the minimal error ey, . This algorithm is defined as follows. Consider a sequence

p=(pY,. .. p")

of probability measures on X x X, and assume that the marginals pgj ) and pgj ) of the measures
pl9) satisfy
pi) = plth), j=1,... k-1
Furthermore, let
n=(ny,...,ng) e N

and consider an independent sequence of X x X-valued random variables
X9 = (xP). x2), (=1,...,n;, j=1,....k

with X 1(j ), e ,X,%.) being distributed according to p().
A corresponding multilevel Monte Carlo algorithm is a randomized quadrature rule with
)

random nodes X,/ and deterministic weights ayi) = (=1)"/n; for j +1i > 3. Slightly abusing

notation, we use §n p to denote any such algorithm. Thus, §n p induces the mapping

Zf &2 +Z Z — (X)),

j=2 "

—/ﬂmékm
x

D(z) = (z,x), r € X,

and we have

For the analysis of §n7p we put

(2)

and we use the Wasserstein distance A
on X x ¥ equipped with the norm ||(z1,z2)|l2 = (||z1]|? + ||z2]|?)'/2. As a generalization of
Lemma 1 we have the following estimate.

of order two on the space of Borel probability measures
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Lemma 2. Fvery multilevel algorithm gnyp satisfies

k 1/2
-~ 1 1 .
(Snp) < (A0 A 4 1 (8000 ) + )+ 3 (AP D). 1))
Proof. Let f € F. Clearly,
D) ulde) = | (@)

1S(f) = E(Snp(f))] = )| < AD(p, pi)
| 1/2 .
( s mu2p<f><d<x1,x2>>) < AD(D(u), o)

XxX

for the bias of §n,p(f). Since

and

1/2
( / ||:c||2p§”<d:c>) < AD (V) + K,
X

we obtain

| N

5 E .
V(Snp(f)) / |22 pS" (der) +Zn]/ 36||331—fl«“2|!2/?(7)(d(3317332))
=2

k
1 1 |
< — (AP, ) + K+ Y ;(Ag)(D(u),pm))2

n
1 =2 9

for the variance of §n7p( f), which completes the proof. O

We apply Lemma 2 in the following way. Consider a probability space (2),9B,Q) as well as
measurable mappings 7 : ) — X and 7; : ) — X such that

p=m(Q)

and
(16) 0 < dim(span(m;(9))) < 4, jeN.
Let k € N and consider a multilevel algorithm
(17) S® =8,
by taking

PV = (i1, (Q), nj = [2477/(3k)]
forj=1,... k.

Lemma 3. Let v = 46 max(K,1). Then every multilevel algorithm Sk satisfies

1/2
(S < -2 0 Z?J / o)~ 7o )] Q)

and R
coste(SH)) < 2k+3

in the variable subspace model corresponding to the increasing sequence of subspaces

;= soon((J ) )

/=1
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Proof. Put 0; = f% || — 795 || dQ for notational convenience. We have

A (u, py < 012, A (u, ) < 6772,

and .
AL (D(p), o) < (0; + 0;-1) 2.

Hence, by Lemma 2,

j=2
k oo
2
<6 K7y 1200 ) 20
j=1
k
) .
S SR (1 +Z2J "93>
j=1
Use dim(X;) < 2/t — 2 to obtain
k
coste(S®)) < ny - dim(X;) + an - (dim(%;) + dim(X;-1))
j=2
k . .
<2%/(Bk)+2+ > (2"7/(3k) +1) -3 2]
j=2
=2k . (3k —2)/(3k) +2+3- (28! —4)

< 2k5+3'
Il

Remark 3. Multilevel Monte Carlo methods taking values in infinite-dimensional Banach spaces
have been introduced by Heinrich (1998) and Heinrich and Sindambiwe (1999) for computation
of global solutions of integral equations and for parametric integration, respectively. Moreover,
the authors have shown that suitable multilevel algorithms turned out to be (almost) optimal
in both cases. See Heinrich (2001) for further results and references.

In the context of quadrature problems for diffusion processes multilevel algorithms have been
studied by Giles (2006), while a two level algorithm has already been considered by Kebaier
(2005). Both papers also include numerical examples from computational finance.

A suitable multilevel algorithm yields the following upper bound for the minimal errors in
terms of the Kolmogorov widths of order two.

Theorem 6. Let v > 21/6 max(K,1). Then, for every N > 16,

[loga NJ (212 1/2
e <7 o VN2 (14 Y 2 (d)7)

j=1
Proof. Let € > 0. Take a sequence of subspaces ij C X such that dim(%j) < j and

1/2
(/ inf Hx:73||2,u(dx)) <(1+e)-d?.
X

563:3'
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Thanks to the Kuratowski and Ryll-Nardzewski selection theorem there exist measurable selec-
tions m; : X — X for the metric projection onto X;. Hence

1/2
2
(L= m@Puan) < e d?.
Apply Lemma 2 with 9 = X, Q = p, 7 =id, and k = |log,(/N/8)| to complete the proof. O
Similar to Theorem 5 we obtain a lower bound for the minimal errors.

Theorem 7. For every N € N

ran ran 1 (1)
eNvar = Max(eNf, 5 dyxr)-

Proof. The lower bound ENvar = €N fun 18 already stated in Remark 2. Next, suppose that

a randomized algorithm S is based on an increasing sequence of subspaces X; and satisfies

~

cost.(S) < N in the corresponding sampling model. Put
ip = max{i € N: dim(X;) < 2N}
and fo = dist(-, X;,) as well as

~

A={w e Q:coste(S(w), fo) <2N}.

Clearly P(A) > 1/2, and for w € A the algorithm S (w) evaluates fy only at points from X;,.
Now, proceed as in the proof of Theorem 5 to obtain

e(S) = P(A)- S(fo) = § - diy,
which completes the proof. O

8. APPLICATION TO GAUSSIAN MEASURES ON INFINITE-DIMENSIONAL SPACES

In this section we consider zero mean Gaussian measures p on separable Banach spaces X,
and throughout we assume that the corresponding small ball function

ple) = —Inp({z € X:[lz]| <e})
satisfies
(18) o) < e (Ine 1)
for some constants o > 0 and 3 € R as ¢ tends to zero.

Remark 4. Typically, (18) holds for infinite-dimensional spaces X, see Li, Shao (2001). For
example, if u is the distribution of a fractional Brownian motion with Hurst parameter H € 0, 1]
on X = C([0,1]) or X = Ly([0,1]) for some p € [1,00][, then & = 1/H and § = 0. Moreover,
a=1/(H —~) and 8 = 0 when || - || denotes the y-Hélder norm. Similar results are known for
Sobolev norms, see Kuelbs, Li, Shao (1995) and Li, Shao (1999).

If X = C(]0,1]?) and p is the distribution of the two-dimensional fractional Brownian sheet,
then « = 1/H and § =1+ 1/H due to Belinsky, Linde (2002). Moreover, for a d-dimensional
Brownian sheet considered in X = Ly([0,1]%) one has a = 2 and 8 = 2(d — 1), see Cséki (1984)
and Fill, Torcaso (2004).

Assumption (18) determines the asymptotic behavior of the quantization numbers and the
Kolmogorov widths, see Dereich (2003, Thm. 3.1.2) and Creutzig (2002, Cor. 4.7.2).
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Proposition 2. The quantization numbers qg) satisfy

¢") =< (Inn)~Y*. (Inlnn)?/®

for every r > 0. The average Kolmogorov widths dl(:) satisfy

A\ = e (i k)P
for every r > 0.

Hence, by Theorem 1, quadrature of arbitrary Lipschitz functionals by means of deterministic
algorithms is intractable even in the full space sampling model. Now we turn to the analysis
of randomized algorithms in the different sampling models. We write ay < by for sequences of
positive real numbers ay and by if supycyan /by < 0o.

Theorem 8. For full space sampling the minimal errors satisfy
ety X NV (I N)~He - (Inln NP/

and
limsup 5y, - N2 (In N)HYe - (Inln N) =7/ > 0.

N—o0

Proof. The upper bound immediately follows from Proposition 2 and Theorem 2. To prove the
lower bound apply Corollary 2 with f given by f(t) = c¢- (Int)~"/* - (Inlnt)%/ for t sufficiently
large and a suitable constant ¢ > 0. O

Theorem 9. For fized subspace sampling the minimal errors satisfy
enm < NV (@+a) (In N)ﬁ/(2+0¢)

and

lim sup €', - NY@Fe) . (1n N)EH2a=aB)/(@2+a)) (1 In N)~28/(«(2+e)) ~ ¢,
N—oo

Proof. Proposition 2 and Theorem 4 yield the upper bound with the following choice
(19) ny = [N¥Zte) . (1n N)=20/Cta) |

of numbers of replications and

(20) ky = |[N®/(ZFe) . (1n N)2B/(2+e) |

of dimensions of subspaces.
For the proof of the lower bound we combine Proposition 2 with Theorems 5 and 8. Due to
Theorem 8 there exists a constant v > 0 and an increasing sequence of integers ny, € N such that

ermn > - ny 2 (Inng) 7 Y (Innng) P/

for every £ € N. Put
Ny = Ln§2+a)/2 - (In ng)o‘+5+1 - (Inln ng)_ﬁJ,

and let n,k € N with n -k < Ny. If n > ny then k < Ny/ny, and Proposition 2 implies
(21) dy) >dly = (Ne/ng) ™ - (In(Ne/ng)? =g V2 - (inng) =17 (Indnng) P/,

On the other hand, if n < ny then /3, > Cprrfull- Consequently, by Theorem 5 and (21)

€Ny fix = n21/2 (Inng) Ve (Inlnng )/,
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Straightforward computations show
ne_l/2 (Inng) YO (Innng )2/

- Ngfl/(2+a) - (In Np)~@+20-0aB)/(@2+) . (1 1y )2/ ((2+a)
which completes the proof of the lower bound. U

Remark 5. The upper bound for fixed subspace sampling (in Theorem 4) is established by sam-
pling from distributions v that are order optimal approximations to u in the sense of Kolmogorov
widths. Often such approximations are not known explicitly and sampling is not feasible.

Therefore, it is quite common to approximately compute the integrals S(f) with respect
to Gaussian measures by sampling from a normal distribution on a suitable finite-dimensional
subspace of X. A proper choice of the subspace is suggested by the following general result on
average linear widths, which is due to Creutzig (2002, Thm. 4.4.1). There exist points x¢; € X
and bounded linear functionals & ;, € X* such that

1/2
(22) AP (1, i (1)) < (/3€|]x—7rk(x)H2u(dx)) <Ink-d?

for
k
(23) me(x) =) &opl@) - 2op.
=1

Consider the classical Monte Carlo algorithm gn,,,k that is based on the normal distribution
v = (1)
on Xo = span{xy ..., Tk}, see Example 3. Choose

ny = [NQ/(2+a) . (111 N)—Q(a+ﬂ)/(2+a)-|

and
ki = (Na/(zm) -(In N)2(a+ﬁ)/(2+a)“’

and put

~

gN = SnNﬂ/kN
to obtain costc(§ ~) = N in the corresponding fixed subspace cost models, and
€<§N) < N~ V@), (In N)(a+ﬁ)/(2+a)

by Lemma 1.
A slightly better upper bound is available if the Banach space X is B-convex, e.g., if X is an
Ly-space with p € |1, oo[. Instead of (22) we then have

1/2
2
24 ([l - m@lP uiaa)) = 2.
see Creutzig (2002, Cor. 3.4.2), which yields
(25) e(Sy) = N~V@re) 1y N)F/(@+e)

as in Theorem 9, if the parameters ny and ky are chosen according to (19) and (20).

Both of the estimates (22) and (24) are proven non-constructively, so that it remains to
actually determine the underlying normal distributions vg. For a number of Gaussian measures
the Karhunen-Loéve expansion is explicitly known, and hereby we get an approximation 7 that
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satisfies (24), if X is an Lo-space. In particular for an Lo-space X and 3 = 0 the upper bound
(25) is due to Wasilkowski, Wozniakowski (1996, p. 2076).

Consider the distribution p of the d-dimensional fractional Brownian sheet with Hurst pa-
rameter H € ]0,1[ on the space X = C([0,1]¢). In this case a direct approach yields

/
(26) < /3€ - ()| u(dx))l i < BT (I ) H@-D+d/2,

see Kiithn, Linde (2002). See also Ayache, Taqqu (2003) for a wavelet approximation 7 in the
case d = 1 and Dzhaparidze, van Zanten (2005) for a trigonometric approximation 7 in the
case d > 1, which both satisfy this estimate. From (26) and Lemma 1 we get

e(Sy) = N~V @HVH) (1 Nyd/2-1/(2+1/H)
Theorem 10. For variable subspace sampling the minimal errors are bounded as follows.

If a > 2, then
N7V (In NP/ < efgn, . < N7V (In N)#/ett/2,

If a =2 and 8 # —1, then
N2, (In N)B/2 < et = N—/2. (In N)(ﬂ/2+1/2)++1/2.
If a =2 and B = —1, then
N7Y2 (InN)™2 < el = N2 (InN)Y2 - (Inln N)/2,
If 0 < a < 2, then
ety < N7V2 . (InN)Y/2

and
limsup €%, - N2+ (In )"V (Inln N) =7/ > 0.

N,var
N—oo

Proof. For the proof of the upper bounds we study the asymptotic behaviour of

[logy N )
g(Ny = 3 27 (d))?
=1

because of Theorem 6. By Proposition 2

9J . (d(2))2 = 9i(1=2/a) 26/

5 ) <
Thus, if a > 2, then

g(N) = N7 (InN)?/=,
For a@ = 2 we obtain

g(N) = (In )1+
if B # —1, while
g(N)<Inln N
if 6 = —1. Finally, if 0 < a < 2, then
g(N) < 1.

Apply Theorem 6 to obtain the upper bounds as claimed.

For the proof of the lower bounds we combine Theorem 7 with Proposition 2 in the case av > 2
and with Theorem 8 in the case 0 < a < 2. O
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Remark 6. In Remark 5 we have discussed classical Monte Carlo algorithms based on normal
distributions 7 (1). Now we discuss their multilevel counterparts based on the normal distribu-
tions

P(j) = (mai-1,25) (k).

Choose
kN = [10g2 N—| )
and put
§N — §(kN)’

see (17). By Lemma 3 we have cost.(Sy) < N in the variable subspace cost model corresponding
to the sequence of subspaces X; = span{zgom : 1 < £ < 2™ 1 < m < j}. Furthermore, (22)
implies

e(Sy) = un(o, o+ 3),

where uy(a, 3) denotes the upper bound for the minimal error €N var I Theorem 10. If the

stronger bound (24) holds for the sequence 7, then we even have

e(Sn) < un(a, f)
as in Theorem 10.

Remark 7. Due to Theorems 8-10 we have sharp upper and lower bounds on the minimal
errors in the different cost models, up to logarithmic terms and up to the fact that some of the
lower bounds are established only for an infinite sequence of integers N. Furthermore, all of the
classical Monte Carlo algorithms §N presented in Remark 5 are almost optimal in this sense,
i.e., there exist constants v; > 0 such that

-~

e(Sy) <71 - €N - (InN)?

holds at least for infinitely many integers N. Similarly, all of the multilevel algorithms §N
presented in Remark 6 satisfy

e(Sn) <1 - ety (InN)™

for at least infinitely many integers V.
For full space sampling the bounds depend on the specific properties of the Gaussian measure
only via logarithmic terms, and the order of the polynomial term is

v=1/2.
This is no longer the case for subspace sampling, where the order of the polynomial term is
v =min(1/2,1/«a)
for variable subspace sampling and
v=1/(2+a)

for fixed subspace sampling. We conclude that variable subspace sampling is as powerful as full
space sampling if 0 < a < 2 and always superior to fixed subspace sampling. In the latter
comparison the extremal case occurs for o = 2.
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9. APPLICATION TO DIFFUSION PROCESSES

In this section we consider the distribution p of an m-dimensional diffusion process X on the
space C' = C([0,1],R™), equipped with the supremum norm, or on a space L, = L,([0,1],R™),
and here we always assume that 1 < p < oo. More precisely, X is given by

dXt = a(Xt) dt + b(Xt) th,

27
( ) Xo=ugeR™

for ¢t € [0,1] with an m-dimensional Brownian motion W, and we assume that the following
conditions are satisfied:
(i) a:R™ — R™ is Lipschitz continuous
(ii) b : R™ — R™ ™ has bounded first and second order partial derivatives and is of class
C* in some neighborhood of ug
(iii) det b(ug) # 0
We first present bounds for the quantization numbers and the Kolmogorov widths. The cor-
responding proofs are postponed to Section 9.2.

Proposition 3. Let X = C or X = L,. The quantization numbers qy) satisfy

¢y = (lnn)~'/?

for every r > 0. The average Kolmogorov widths d,(:) satisfy

A\ = g=1/?
for every r > 0.

The asymptotic behavior of the quantization numbers stated in Proposition 3 is partially
known. Luschgy and Pages (2006) study scalar stochastic differential equations under suitable
growth and smoothness conditions. In this work the upper bound is established for equations with
a strictly positive diffusion coefficient b : [0, 1] x R — R, and a matching lower bound is derived
if inf(; 2)e/0,1xr b(t,7) > 0 and r > 1. More generally, 1-dimensional diffusions are analyzed
by Dereich (2007a, 2007b), who determines the exact asymptotic behavior of the quantization
numbers for r > 1 under rather mild smoothness assumptions. The asymptotic behavior of the
Kolmogorov widths is determined by Maiorov (1992, 1993) for the Brownian motion.

Observing Theorem 1 we conclude that quadrature of arbitrary Lipschitz functionals is in-
tractable even in the full space sampling model by means of deterministic algorithms. Further-
more, the estimates from Theorems 8-10 with a = 2 and 8 = 0 are valid, too, in the diffusion
case.

Theorem 11. Let X = C or X = L,. For full space sampling the minimal errors satisfy
ENfull = N7V2 (InN)~H/2

and
limsup e’y - NY2. (InN)32 > 0.
N—o0
For fized subspace sampling the minimal errors satisfy
ety S N7V

and
lim sup ey'fy - NV (InN)¥1 > 0.

N—o
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For variable subspace sampling the minimal errors satisfy
N7V2 e, < N7V/2. InN.
Remark 8. Consider the strong Euler scheme with uniform step-size 1/k, i.e., X*)(0) = u
and
XW((+1)/k) = XB(e/k) + a(XP (/) - 1/k + b(XP(L/k)) - (W (€ +1)/k) — W (£/k)),

and let X% = (x(®) (t))te[o,1) denote the piecewise linear interpolation of X®(0),..., X% (1)
at the breakpoints £/k. We then have the well-known error bounds

1/2
(28) (Bllx - x02)" < j12
for X = L, and
1/2
(29) (BIX - x®)) 2Lk (2

for X = C. Furthermore, the distribution v, of X(®) on the space X satisfies
1/2
A (u,1) < (Bl X = XB)2)

Hence Lemma 1 yields the following upper bounds for the classical Monte Carlo method

~

SN - STLN,I/kNﬁ

see Example 3, with a suitable choice of ny, kny € N such that costc(g ~) = N in the correspond-
ing fixed subspace model. In the L,-case we take ny = ky = LNl/QJ to obtain

€(§N) = N71/4

as in Theorem 11. For X = C' we take ny = [NY/2. (In N)"'/?] and ky = [NY/2 - (In N)/?] to
obtain
e(Sy) <= N~V4. (In N4,

Now we turn to a multilevel construction that is based on the joint distributions pU) of
(X(2j72), X(jSl)), with X7 = g, say. Note that pl9) can easily be derived from an m - 2/-1-
dimensional standard normal distribution. Choose ky = [log, N| and consider the corresponding
multilevel algorithm

Sy = §tw),

see (17). Apply Lemma 3 to obtain costc(§ ~) = N in the variable subspace cost model corre-
sponding to the sequence of subspaces X; that consist of piecewise linear functions with break-
points at £/2/71, respectively. Furthermore, (28) implies

e(Sy) < N2 .InN
for X = L, as in Theorem 11, and by (29) we have
e(Sy) = N~/2. (In N)?/?
for X =C.

For full space and fixed subspace sampling we can improve the lower bounds from Theorem
11 in the case X = C. See Section 9.3 for the corresponding proof.
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Theorem 12. Let X = C. For full space sampling the minimal errors satisfy
et = N7V2 . (InN)~%/2,

For fized subspace sampling the minimal errors satisfy
et = N7V (In N)~3/4,

Remark 9. Due to Theorems 11 and 12 we have sharp upper and lower bounds on the minimal
errors in the different cost models, up to logarithmic terms and up to the fact that, for X = L,
some of the lower bounds are established only for an infinite sequence of integers N. Furthermore,
the classical Monte Carlo algorithms S, v presented in Remark 8 are almost optimal in this sense,
i.e., there exists a constant v > 0 such that

e(Sy) < - eNfix - DN

holds for every N € N in case of X = C and at least for infinitely many integers IV in case of
X = L,. Similarly, the multilevel algorithms Sy presented in Remark 9 satisfy

e(Sy) < y-ed  -InN

N,var

for every N € N.

9.1. Preliminaries. A basic idea in the proofs of Proposition 3 and Theorem 12 is to reduce
the case of an m-dimensional diffusion process with properties (i)—(iii) to the particular case of
a one-dimensional Brownian motion by means of Lipschitz transformations and stopping.

Let X denote any random element with values in some separable Banach space X and consider
its distribution p on this space. We use the notation

eljr\a;,l%ull(X , X) = eﬁf}uu
for the N-th minimal error of randomized algorithms using full space sampling,
AP (X, %) = d¥
for the k-th average Kolmogorov width of order p, and
) (X, %) = q)

n
for the n-th quantization number of order r.
Consider a measurable mapping 7' : X — 9), where ) is a Banach space, too. The following
observation is straightforward to verify. We add that an analogous result for Kolmogorov widths
is not available.

Lemma 4. Suppose that T is Lipschitz continuous with a Lipschitz constant L > 0. Then
entun(TX,9) < L - e (X, X)
and

g"(TX,) < L-¢(X,%).

n
We formulate a simplified version of a general relation between quantization numbers and
average Kolmogorov widths, which is due to Creutzig (2002, Thm. 4.6.1).
Lemma 5. ForO<r <p

sup lnn~q(r)(X,.'£) <sup k- d,(gp)(X,.'{).

n
n<2¢ k<t

The following contraction principle holds for best approximation of sums of independent and
symmetric random elements.
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Lemma 6. Let Xq,..., X denote a sequence of independent and symmetric random elements
with values in X and let p > 1. Then

E(dist%i&&ﬁo)) < R, | Ag|? - E(dlstp(ZXg,%o))
=1

(=1
for all A\1,..., A\ € R and every closed linear subspace Xo C X.

Proof. Take Rademacher variables €1, ...,e; such that e1,...,e;, X1,..., X} are independent,
and consider the quotient mapping @ : X — X/X¢. Since (X1,...,Xy) and (61X, ..., Xk) co-
incide in distribution, the same holds true for (QX1,...,QXy) and (e1QX7, ..., exQXy). Hence

E@qu;mwﬁg) MQ;MQMMW%_MQ;MWCMMW%
=1

For any choice of elements y, € X/X

k
p
WZMWMuxawxwwwzwwhx
=1 0

due to Kahane’s contraction principle, see Kahane (1993, p. 21). Thus

EHZ)\[&( QX(H S max ‘)\Ap EHZ&g QX(H

X/% e_ x/%
which completes the proof. O
Now we turn to the diffusion process X given by (27).
Lemma 7. There exists a neighborhood U of uy and a function f € C*°(U) such that
(V**V f = 1.

Proof. Choose a radius r > 0 such that detbb*(u) # 0 if |u — ug| < r. Furthermore, take
g € C°(R™,R™™) with symmetric and positive definite values such that

g(u) = (0b*) "' (u)
if [u —up| < r/2 and g(u) is the identity matrix if |u —ug| > r. Then M = R™ endowed with the
metric tensor » " _; gi;j(u) - du’ @ du’ is a complete C°°-Riemannian manifold. Here u!, ..., u™
are the local coordinates obtained when taking the identity as chart. Moreover, let d;; denote
the corresponding Riemannian distance.

Choose vg € M such that 0 < |vg — ug| < /2 and 0 < ds(vo, up) < iy (M), where iy, (M)
denotes the injectivity radius at v, see Sakai (1996, Prop. 111.4.13). Define
U={ueM:0<|vg—ul <r/2, 0<dpn(vy,u) < iy (M)}

as well as

f(u) = dar(vo,u)
for u € U. Then f € C®°(U) and (Vf)*bb*V f = 1, see Sakai (1996, Prop.. I11.4.8). O
Lemma 8. Either let X = C and 9 = C([0,1],R) or let X = L1 and Y = L1([0,1],R). There
exists a Lipschitz continuous mapping T : X — ) and a stopping time T with P(1 > 0) = 1 such
that the stopped process

(TX){ = (TX)irr, t €[0,1],

is a Brownian motion stopped at time 7.
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Proof. Due to Lemma 7 there exists a function h € C°°(R"™) with bounded derivatives that
satisfies

(30) (Vh)*bb*Vh =1
on a closed ball with radius r > 0 around ug. Define the stopping time
T =1inf{t € [0,1] : |X¢ —uo| =r}.

Clearly, P(7 > 0) = 1.
In both cases cases, X = C' and X = L1 we define a Lipschitz continuous mapping 7 : X — 9)
by

(Tx)(t) = h(x(t)) — h(ug) — /0 ((Vh)*a + % : Z (bb*)i,jﬁ;ﬂh) (z(s))ds.
ij=1
1t6’s formula implies ’

(TX), = /0 ((Vh)*b) (1) dW..

Observing (30) we conclude that the stopped process (7X)7 is a continuous martingale with

quadratic variation
tAT

(TX) ) = / ((Vh)*bb*Vh)(Xs)ds =t AT,
0
which completes the proof. O

Remark 10. The assumption that the diffusion coefficient b is of class C'*° in a neighborhood
of the initial value ug can be relaxed. For instance, in the one-dimensional case it suffices to
assume b € C1([0, 1]) with Lipschitz continuous first derivative. Then

fuo=i/uu/wwhw

0
is well defined in a neighborhood of wug, and the statement of Lemma 8 follows with the same
proof.

9.2. Proof of Proposition 3. We use the contraction principle from Lemma 6 to establish the
upper bound for the Kolmogorov widths.

Lemma 9. For every p > 0
dP(x,0) =< k2,
Proof. Assume that p > 1 without loss of generality. Fix k € N, put t, = ¢{/k for £ = 0,... k,

and consider the corresponding Euler process Y(k) defined by Yék) = up and

X =X+ a(X0)) - (= 1) + 0K - (We = W)
for t € [tg,tg+1]. On the space X = C we have
Elx - XY < k70,
see Bouleau, Lépingle (1994, p. 276), and therefore
d,(Cp)(X, c) < E1/2 +d§€p)(y(k),(}’).

Let W®) denote the piecewise linear interpolation of the Brownian motion W at the break-
points ¢, and define the continuous process V() by

v =)y - (W= W)
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for t € [ty,te41]. Note that X™ V™ takes values in the (k + 1)-dimensional subspace of
piecewise linear functions with breakpoints t,. Hence

2k+1

Let 2 denote the o-algebra generated by W(t1),..., W (tx). The random variables b(YEf)) are

measurable with respect to 2, and conditioned on 2 the process W—W® consists of independent
Brownian bridges on the subintervals [t;, ¢, 1]. We apply Lemma 6 with X, = 1, | 4 -(W—W(k))
to obtain

R (v®, 0y < @®pX™)) 7 df) (W - W, ) <P (W, C).

From Maiorov (1993) we get d,gp)(W, C) = k=12, O
Lemma 10. For every r > 0
a"(X, L) = (Inn) Y2
Proof. Observe that, due to Lemma 4 and Lemma 8, it suffices to show that
(31) a0 (Y, L) = (Inn) /2
for every one-dimensional process Y such that
Yine = Winr, t e [0,1],

with a stopping time 7 that satisfies P(7 = 0) = 0.

To this end fix € € ]0,1] with P(7 > ¢) > 0 and define a bounded linear operator 7' : Ly — L
by

(Ta)(t) =e Y2 2(e - t).

Clearly TW is a Brownian motion, too. The quantization problem for Gaussian processes in the
space L' is analyzed in Dereich, Scheutzow (2005). In particular there exists a constant k£ > 0
such that
(32) Tim (inn)!/2 - ) (TW, Ly) =
for every r > 0, see Dereich, Scheutzow (2005, Thm. 6.1).

For n € N let M,, C L; denote any set of cardinality n, fix § € |0, 1[, and put

A, = {dist(TW, M,,) > (1 — 6) - ¢ (TW, Ly)}.
Due to (32) we can complement the sets M, to sets M, of cardinality 2n such that
Tim_(Inn)"/2 - (E(dist™ (TW, M) =
as well as
Tim_(Inn)"/? - (E(dist” (TW, M) = k.
Employing Lemma A.1 in Dereich, Scheutzow (2005) we conclude that
lim P(4,)=1.

n—oo

Consequently
E(dist"(TY, My)) > E(1{7>¢ - dist”(TW, My,))
> (1=0) - P({r = e} Ay) - (¢ (TW, L))

= (In n)_r/2,
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which yields
a\"(TY, L) = (Inn)~ /2
The latter bound implies (31) by Lemma 4. O

Proof of Proposition 3. In view of Lemma 9 and Lemma 10 it suffices to show that
(33) A (X, C) % (nn)~"/?
and
(34) dP (X, Ly) = kY2
By Lemma 5 and Lemma 9 we have

nn- g7 (X,0) < sup k-dP”(X,C) =< (Inn)"/?,
k<2Inn

which yields (33). From Lemma 9 we also get
(35) dP (X, L)) < c- k2
with some constant ¢ > 0. Moreover, by Lemma 10,

sup Inn - ¢P/?(X, Ly) = sup (Inn)"/? = ¢'/2,
n<2¢ n<2¢

Consequently, by Lemma 5

sup k- dP (X, Ly) > - 047
k<t

with some constant ¢ € ]0, ¢[. Put ¢ = (¢/c)?. Since

sup k- dl(f)(X, L)) <¢- 0?2
k<ct

by (35), we conclude that

0. d(P)

Dy (X, L) > sup k- dP(X,Ly) > & 012,

cl<k</t

which yields (34). O

9.3. Proof of Theorem 12. Consider a one-dimensional Brownian motion W. Given ¢ € N
and € €]0,1] let s; = i/¢ - ¢ and put
B ={x € C(10,1]) : a(si) — a(si—1) > /2/65/%)

as well as
Bt ={z € C([0,1]) : a(s;) — w(si—1) < —e'/2/¢%/?}

for i =1,...,¢. Moreover, define

2,004

14
Alf = (W € BS }
i=1

for any multi-index o € {0, 1}*.

Lemma 11. There exists a constant ¢y € |0, 1] such that
-2 <P(AY) <27f

for allt €N, e €]0,1], and a € {0,1}*.
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Proof. Obviously, the probability P(Aff) does not depend on «. Hence
P(W € Bi5) =1 —P(0 < W, - W,,_, <e'/?/63?)

2
1/6
=1- /0 (2m) Y2 exp(—a?/2) dx
>3 (1—+/2/m- 07

implies
2L P(ALS) > (1—/2/x 171"
The latter bound tends to exp(—+/2/m) as £ tends to infinity, which completes the proof. O
Let A be any event with P(A) > 1 — ¢¢/2 and put
N(g,l) = #{a c {0,1} - P(A5° N A) > ¢p- 2772,
Lemma 12. For alle >0 and { € N
N(gve) > 267
where ¢; = ¢o/(4 — cp).
Proof. Due to Lemma 11
P( U A‘éfﬂA) 21P’(A)+IP’< U Aff) -1
ac{0,1}¢ ac{0,1}¢
> ]P(A) +cp—12> 00/2.

On the other hand, by the definition of N (e, ¢) and Lemma 11
]P’( U 4%n A) <(2°=N(e,0)-cp-272 4 N(g,0) - 275
ae{0,1}¢

It remains to combine both estimates. O

Proof of Theorem 12. First we establish the lower bound for es,. Because of Lemma 4 and
Lemma 8 it suffices to prove that

(36) Nt (Y, C) = N7V2- (nN) =/
for every one-dimensional process Y such that
Y;f/\T = Wt/\T7 te [07 1]7

with a stopping time 7 that satisfies P(7 = 0) = 0. To this end we use Proposition 1.
Put

and define f € F by

for a € {0,1}*. Note that

fie) 2 5 min Jo(s) = a(sia)]
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for z € BY. Choose ¢ € ]0,1] with P(7 > ¢) > 1 — ¢o/2, and let A = {7 > ¢}. Then
S = 5 E(La 1 (W) min (W, = Wi, )
=1,

>3 E(lAﬁ’smA ' i:Irll,i-I},f Wei = Wi |)
> 1. V2032 . P(AYE N A).

Take N = |c; - 27| and use Lemma 12 to conclude that
S(fL) = N7'- (In )=/

holds uniformly for at least 2N multi-indices o € {0, 1}¢. Finally, apply Proposition 1 to complete
the proof of (36).

We combine the lower bound for e}J;,;,, together with Theorem 5 and Proposition 3 to obtain
the lower bound for e}, ’ O
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