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Abstract

We propose and analyse randomized cubature formulae for the numerical inte-
gration of functions with respect to a given probability measure p defined on
a domain I' € RY, in any dimension d. Each cubature formula is exact on a
given finite-dimensional subspace V,, = L?(T', u1) of dimension n, and uses point-
wise evaluations of the integrand function ¢ : I' — R at m > n independent
random points. These points are drawn from a suitable auxiliary probability
measure that depends on V,,. We show that, up to a logarithmic factor, a linear
proportionality between m and n with dimension-independent constant ensures
stability of the cubature formula with high probability. We also prove error
estimates in probability and in expectation for any n > 1 and m > n, thus cov-
ering both preasymptotic and asymptotic regimes. Our analysis shows that the
expected cubature error decays as y/n/m times the L?(T', u)-best approximation
error of ¢ in V,,. On the one hand, for fixed n and m — oo our cubature formula
can be seen as a variance reduction technique for a Monte Carlo estimator, and
can lead to enormous variance reduction for smooth integrand functions and
subspaces V,, with spectral approximation properties. On the other hand, when
n,m — 00, our cubature becomes of high order with spectral convergence. As
a further contribution, we analyse also another cubature whose expected error
decays as /1/m times the L?(T, u)-best approximation error of ¢ in V,,, but
with constants that can be larger in the preasymptotic regime. Finally we show
that, under a more demanding (at least quadratic) proportionality between m
and n, all the weights of the cubature are strictly positive with high probability.
As an example of application, we discuss the case where the domain I" has the
structure of Cartesian product, p is a product measure on I' and V,, contains
algebraic multivariate polynomials.
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1. Introduction

Let I' € R? be a Borel set, ;1 be a Borel probability measure on I' absolutely
continuous with respect to the Lebesgue measure A\, and denote with p :=
dp/dX\ : T — R its probability density. Given a function ¢ : I' — R in some
smoothness class, we consider the problem of integrating ¢ with respect to u
over I':

1(9) = f S(y)duly) = f S(0)0(y) AN (). (1)

When the expression of ¢ or the geometric shape of the domain I" are com-
plicated, the exact calculation of I(¢) might be too difficult, or not be possible
at all, for example if the function ¢ is not available in explicit form but can only
be evaluated at any point y € I at a certain (possibly high) cost, so that the
number of evaluations should be limited as much as possible. Hence one resorts
to the numerical approximation of the integral (1), see e.g. [7, 32], that is known
as the problem of numerical quadrature when d = 1 or numerical cubature when
d > 2, and that can become a challenging task as d increases due to the curse of
dimensionality. In any dimension d > 1 and given an integer m > 1, we consider
the m-point quadrature/cubature formula

m

I7n(¢) = Z az¢(yl)a (2)

i=1

where y1,...,ym € I' are the nodes and ag,...,a, € R are the weights. The
nodes and weights should be chosen such that
Im(9) ~ 1(¢). ®3)

One approach to develop quadrature/cubature formulae imposes that (2) be
exact on some given finite-dimensional linear function space V,, over I', where
n := dim(V,,). In principle one would like to have a formula that exactly inte-
grates any function in V,,, i.e.

I,(v) =1(v), YveV,.

When d = 1 and V,, is a polynomial space, the existence of such quadrature
formulae has been first discussed in [5] with general p, extending earlier results
in [11] with p = 1. An example of quadrature is the Gauss-Hermite quadrature
formula, that exactly integrates any univariate algebraic polynomial up to degree
2m—1 using m points, where integration is intended with respect to the Gaussian
probability measure on R.

In general, quadrature/cubature formulae of the form (2) might not be prov-
ably stable to perturbations in the evaluations of ¢ at the nodes. Denoting with



n; the perturbation of ¢(y;), for the formula (2) it holds

m

Z i (B(yi) +mi) — Z i d(yi)| < max |71 Z | (4)

i=1
i=1 7=

As long as V,, contains the functions that are constant over I', exactness of (2)
over V,, implies
m
Z Q; = 1. (5)
i=1

On the one hand, in presence of negative weights the summation of the |o;| in
(4) can become larger than one, thus serving as an amplifying factor for the
perturbations. On the other hand, if the weights are positive, (4) and (5) give

m m

25 i(9(y) +m) = X cudyi)| < max [, (6)

i=1 =1

thus ensuring the stability of the formula (2) to perturbations.

In one dimension, the weights of Gaussian quadratures are strictly positive.
In higher dimension, cubatures with positive weights are difficult to construct,
above all in general domains or with general densities p. A remarkable result on
the existence of stable quadrature/cubature formulae is the next theorem from
[33].

Theorem 1. Let I' = R? be a compact set, and consider the integral (1) with
p strictly positive over I'. Given n real functions fi,..., fn that are continuous
on I, linearly independent, and such that at least one is nonzero everywhere in
T, there exists (y;)=, < T and nonnegative reals (a;)™, with m < n such that
the formula (2) for (1) is exact on span{fi,..., fu}-

The result in Theorem 1 gives an upper bound for the number of nodes, and
can be further generalized to unbounded domains, see e.g. [28, 1]. With classical
spaces of algebraic polynomials over the hypercube I' = [0, 1], there are known
lower bounds on the number of nodes required by any cubature formula for
exactness, e.g. in [31] and in [21] for polynomial spaces supported on isotropic
tensor product or total degree index sets. In such specific settings, it is possi-
ble to construct exact cubature formulae whose number of nodes matches those
lower bounds, so-called minimal cubature formulae, see e.g. [3] for an overview.
With more general spaces of algebraic polynomials, minimal cubature formulae
are not known on a systematic basis. In low dimension d < 3, heuristic numer-
ical methods based on optimization as those proposed in [29] allow the direct
construction of (almost) minimal cubature formulae. In high dimension it is
difficult to find minimal cubature formulae, and it is difficult also to find cuba-
ture formulae whose number of nodes matches the upper bound in Theorem 1,
above all with general polynomial spaces and with general domains. It is worth
noticing that the proof of Theorem 1 from [33] is not constructive, and finding
the nodes and weights of such remarkable formulae remains an open problem.



We now briefly recall other approaches to multivariate integration from the
literature, that use a cubature formula of the form (2) with suitable choices for
the nodes and weights. A first approach, that requires a product domain and a
separable density p, has been developed starting from [30], and nowadays goes
under the name of Smolyak cubature or sparse grid quadrature/cubature, see
e.g. |2] and references therein. In general, a sparse grid cubature formula is
exact on a chosen polynomial space, see for example those presented in [24].
In low dimension and using polynomials with moderately high (total) degree,
another type of (symmetric) cubature formulae has been presented in [17, 12],
and these cubatures become unstable as the degree of the polynomials increases.

Other approaches to multivariate integration are Monte Carlo and quasi-
Monte Carlo methods, see [27, 8] and references therein. These approaches do
not impose exactness of the cubature formula on a given space. Both Monte
Carlo and quasi-Monte Carlo methods share the same weights, that are equal
to m~! with m being the number of nodes. The difference between the two
methods is in the choice of the nodes. In the Monte Carlo method the nodes
are realizations of independent and identically distributed copies of a random
variable distributed as p. In the quasi-Monte Carlo method the nodes are ju-
diciously chosen according to specific deterministic rules, and a tensor product
domain again is required. The notorious half-order convergence rate of the
Monte Carlo method is immune to the curse of dimensionality. The conver-
gence rate of quasi-Monte Carlo depends on the structure and smoothness of
the integrand function, and on the low-discrepancy properties of the point set
containing the nodes.

In the present article we develop cubature formulae of the form (2) that are
exact on Vj,, for general domains I' € R provided an L?(T', ) orthonormal
basis is available, and whose weights and nodes can be explicitly calculated.
To pursue such an objective, we replace the integrand function by its weighted
least-squares approximation onto V,,. Our cubature formulae use randomized
nodes, and their exactness on V,, occurs with a quantified large probability. More
precisely, see Theorem 3, if m is linearly proportional to n, up to a logarithmic
factor, then the formula is exact on V,, with large probability. This shows that
exact cubature formulae can be constructed in the general setting of Theorem 1
with m of the order of n, albeit not necessarily with positive weights.

Given a function ¢ in some smoothness class, for the proposed cubatures we
provide convergence estimates in probability and in expectation for the integra-
tion error

11(¢) — Im ()] (7)
depending on m, n, and on the best approximation error of ¢ in V,, in some
norm. In particular, we show that the mean error satisfies an estimate of the
type

B1(6) — (@) 5y = nf 16— vlzze +m" ©

veEVy,

provided - 2 (1 + r)n, where r > 0 can be taken arbitrarily and all hidden
constants do not depend on d. Similar estimates are proved for the mean squared



error and in probability, and use recent results from [6] on the analysis of the
stability and accuracy of weighted least-squares approximation methods.

The previous estimate shows that if n is kept fixed and m — o0, the cubature
formula has a Monte Carlo type convergence rate, however with a substantially
reduced variance with respect to a standard Monte Carlo cubature formula,
proportional to the L?(T, ) projection error of ¢ onto V,,. In this respect, our
cubature formula can be seen as a very efficient variance reduction technique in
a Monte Carlo context.

Moreover, if both n,m — oo, still under the condition - 2 n, then the
mean cubature error is of the same order of the L?(T', uu)-best approximation
error and features a fast decay if the integrand function is smooth and the
sequence of finite-dimensional spaces V;, has good approximation properties. In
this respect our cubature formula is of high order. We remark once more that
all results and hidden constants do not depend on the dimension d.

As a further contribution, we construct another cubature formula for 1(¢)
consisting of I,,(¢) plus a Monte Carlo correction estimator. This cubature
satisfies an error estimate like (8) without the term /n, but with different
constants that can be larger in the preasymptotic regime. Such a result is stated
in Theorem 5, and is made possible by using 2m nonidentically distributed nodes
rather than m identically distributed nodes.

An often desirable property of the quadrature/cubature formula (2) concerns
the positivity of all the weights, that ensures stability as shown in (6). This
property is not fulfilled by sparse grid cubature formulae, which may contain
negative weights, unless tensor grids are used and the underlying quadrature
has positive weights (e.g. Gaussian quadratures). In Theorem 6 we show that
cubature formulae exact on V,, and with strictly positive weights can be con-
structed, again in the same general setting of Theorem 1, but with m being at
least quadratically proportional to n, up to a logarithmic factor. At present
time we are not aware of the existence in the literature of stable cubature for-
mulae in general domains which have simultaneously high-degree of exactness
and strictly positive weights, and the present paper provides a first analysis of
cubature formulae of this type.

Cubature formulae exact on a given space and with nodes being random
variables have been earlier studied in [9, 10], but the weights are not necessarily
positive. Error estimates for these stochastic cubature formulae can be found
in [22, Lemma 1, page 69], which can be seen as a stochastic counterpart of
Theorem 1. The stochastic cubatures from [9, 10] use n cubature nodes whose
probability distribution contains determinants of n-by-n matrices. For this rea-
son, the generation of the nodes of such cubatures becomes computationally
intractable already for moderate values of n and d. Compared to [9, 10], the
stochastic cubature developed in the present paper uses a different distribu-
tion of the nodes, that can be sampled way more efficiently. Under very mild
requirements, for example if an L?(T, u)-orthonormal basis of V,, is known in
explicit form, efficient algorithms have been developed in [6] for the generation
of the nodes of our stochastic cubatures. If the elements of the orthonormal
basis have product form, then the computational complexity of such algorithms



for the generation of m nodes is provably linear in m and d.

More recently, a cubature formula based on least-squares approximants for
periodic functions has been proposed in [26], with different weights, different
distribution of the nodes and a different error analysis. The cubature from [26]
has been later refined in [14], also in the nonperiodic setting.

The outline of the article is the following: in Section 2 we recall some useful
results on the analysis of discrete least squares. In Section 3 we present the
cubature formulae, and provide conditions which ensure exactness and positive
weights, together with convergence estimates. Section 4 addresses the case
where V,, is chosen as a multivariate polynomial space. The proofs are collected
in Section 6. In Section 5 we draw some conclusions.

2. Discrete least-squares approximation

In this section we introduce the weighted discrete least-squares method with
evaluations at random point sets, and recall the main results achieved in [6] for
the analysis of its stability and accuracy. Given a Borel probability measure p
on I', we introduce the L?(T, u) inner product

i fo = j 1) f2(0)p(w)dAy), (9)

and the norm | f| := {f, f)'/2. We work under the following assumption.

Assumption 1. There exists an L*(T, ) orthonormal basis (¢;);=1, and this
basis contains the constant function over I.

Using the orthonormal basis (;);>1 we define the approximation space as

Vn = Span{¢1a-"a¢n}7 (10)

and set n := dim(V},). Without loss of generality we suppose that ¢¥; = 1, and
therefore ¢, € V,, for any n > 1, as stated in the next assumption.

Assumption 2. For any n > 1 the space V,, contains 1 = 1.

For any given space V,, we define the functions k : I' > R and w: ' - R as

K(y) == <2 Iwi(y)|2> and w(y) := nk(y), (11)
=1

whose denominators do not vanish thanks to Assumption 2. For any space V,
and any n > 1, Assumption 2 ensures the upper bound

w(y) <n, yel. (12)

The functions k and w are strictly positive over I'. Sharper lower bounds (uni-
formly over T') can be obtained by exploiting the structure of the space V,,: for
example with polynomial spaces such lower bounds are shown in Remark 9.



When V,, is the space of algebraic polynomials of total degree n — 1, the
function  is known as the Christoffel function. Using such functions, we define
on I' the probability measure

n . 2 n ) 2
MW:MM@M.

n

do = w tdy = (13)

In general o is not a product measure, even if p is a product measure. Next,
we introduce the weighted discrete inner product

1 m
o foym = — D w(wi) fi(ys) fa (i), (14)
i=1
where the functions w, f1, fo are evaluated at m points y1,...,y,m € I' that

are independent and identically distributed according to o. The discrete inner
product is associated with the discrete seminorm ||f|, = {f, f>71,{2 for any
f € L3(T', ). In the forthcoming sections, the random points y1,...,ym, € T’
play the role of nodes for the quadrature/cubature formula (2).

For any function ¢ : I' — R, we define its L?(T", u) projection onto V,, as

I, ¢ := argmin |[v — ¢|. (15)
veEV,,
In many applications we do not have an explicit expression of the function
¢, and can only evaluate its value ¢(y) at a given parameter y € I'. In such a
situation, the projection (15) cannot be computed, since it would require the
explicit knowledge of the function ¢. Hence, one can resort to the discrete
least-squares approximation of ¢ in V,,, defined as

"¢ := argmin |[v — ¢, (16)

veV,

where the minimization of the L?(T', 1) norm has been replaced by the mini-
mization of the discrete seminorm. Since the discrete seminorm uses pointwise
evaluations of ¢, throughout the paper we further assume that ¢(y) is well
defined at any y € I'. The expansion of II]""¢ over the orthonormal basis reads

Mg =Y. By, (17)
j=1

with 3 := (B1,...,0n)" € R being the vector of the coefficients in the above
expansion. Denote with D the design matrix, whose elements are defined as

ng = w(y’b)w](yl)ﬂ 1= ]-7‘ <M, j = ]-7 ceey, N, (18)

and define the Gramian matrix G as

1
G:=—D'D.
m



Moreover, we denote the Hadamard product of two vectors p,q € R™ as
P@q = (p17 cee 7pm) © (qh cee an) = (plqla s 7mem) € Rm,
and use this product to define b := /w®® = (\/w(y1)o(W1), -+ s VW Ym) O (ym)) T,

where ® := (é(y1),...,0(ym))" contains the evaluations of ¢ at the nodes

(Yi)1<i<m-
The projection II"¢ of ¢ in (16) can be computed by solving the linear
system

Gj = %DTb. (19)

If the matrix G is nonsingular then the solution to the linear system (19) is
LT
B=—=—G'D'b, (20)
m

thus defining a unique discrete least-squares approximation of ¢ through (17).
For any integer n > 1, we say that a point set y1,...,ym € [’ with m > n is
unisolvent for a given space V,, if

det(G) # 0. (21)

A unisolvent point set ensures that the operator I} is well defined and uniquely
associated to the space V,,. When m < n the matrix G is rank deficient, and
condition (21) cannot be fulfilled. Condition (21) does not depend on the choice
of the basis of V,,: using any other basis (1;1, e ,Jn)T =M (Y1,...,0%,)" of V,
related to the 11, ...,1, by means of a suitable nonsingular matrix M yields
det(MTGM) # 0 <= det(G) # 0. Given any matrix A € R™*"  for any
1 < p < 400 we introduce the operator norm

| Az
IAle, := sup o
sexn [z,
x#0
and define || || := || - [|¢, when p = 2. Condition (21) does not take into account

situations where G is nonsingular but still very ill-conditioned, which might
occur even when m > n. From a numerical standpoint, it is desirable that G is
also well conditioned. A natural vehicle for quantifying the ill-conditioning of
G is to look at how much it deviates from the identity matrix I with compatible
size,

G =1 <6, (22)

for some ¢ > 0. When ¢ € (0,1) condition (22) can be rewritten as the norm
equivalence
L= 0)v)* < l7 < A+ 9)v]*, veVa, (23)

or as
1-0< |Gl <1+6. (24)



We now recall the main results achieved in [6] concerning the analysis of the
stability and accuracy of weighted discrete least-squares approximation with
evaluations at random points. For any ¢ € L?(T, 1) we define its best approxi-
mation error in the L?(T', 1) norm as

e2(¢) := ¢ — I, ¢||= min ¢ — v],
veVy,
and its weighted L® best approximation error as

eoow(@) := Inf sup/w(y)|é(y) —v(y)l.

veV, yel
Given any ¢ € (0,1) we define the quantity
E@)=1+6)n(1+4d)—8>0, (25)

that satisfies the upper and lower bounds in (92) and (93).
Also recall the conditioned weighted least-squares estimator introduced in
[6], defined as

A

0, otherwise.

B {Hw, it |G -1 <4,

Next we quote from [6, Corollary 1] the following result.

Theorem 2. In any dimension d, for any real r > 0, any 6 € (0,1) and any

n =1, if the m i.i.d. points y1,...,ym are drawn from o defined in (13) and
m 1+7r
— > —n, 26
Inm ~ £(9) " (26)

then the following holds:

(i) the matriz G satisfies

Pr(||G 1| <6)>1—2nm "D > 1 —2m™"; (27)

(ii) for all ¢ such that sup,er A/w(y)|¢(y)| < +00 the weighted least-squares
estimator satisfies

Pr (o~ T2) < (14 V2) ex(6)) > 1-20m™ 0+ > 1-2m77; (28)

(iii) if ¢ € L*(T, i) then the conditioned estimator satisfies

E (o= 3I7) < (1+ e(m)) (e2(6))? + 20ol>m ™, (29)
where 1£(5)
elm) = (1+7)lnm



decreases monotonically to zero as m increases.

The bound (22) for G implies a bound of the same type for its inverse: for
any d € (0,1) and m > n it holds that

_ 6
IG -1l <é = 67" -1l < 1, (30)

since

Tt =1l = llc7H @-&) I <G 6 -1,

and (22) also implies [|G|| < 1+ and |[|[G7!|| < (1—5)~!. Another implication
of (22) is that
1496
IG-1I|| £§ = cond(G) < 1-5 (31)
As a corollary of Theorem 2, from (27) together with (30) we have Corollary 1
item i), and since (22) implies G nonsingular we have Corollary 1 item ii).

Corollary 1. Under the same assumptions of Theorem 2,
i)

J
Pr (|G_1 I < 15) >1—2nm "D > 1-2m™", (32)

1) the point set yi1,...,ym 1s unisolvent for V,, with probability larger than
1—2m™".

Sampling algorithms for the generation of the random point set y1,...,ym
from (13) have been developed in [6] when I' is a Cartesian domain and g is
a product measure. The computational cost of these algorithms scales linearly
with respect to the dimension d and to m.

3. Randomized high-order cubature formulae

In this section we construct cubature formulae of the form (2), to approximate
the multivariate integral (1) of a smooth function ¢ : I' — R with respect to a
given probability measure p. The construction of such cubature formulae uses
the discrete least-squares approximation (16) of the integrand function ¢. As in
the previous sections, ¥y1,...,%mn and aq,..., a,, denote its nodes and weights,
respectively. The first step in the development of our cubature formula consists
in the evaluation ¢(y1),...,¢(ym) of the integrand function ¢ at the nodes
Y1,-..,Ym. The second step is the choice of the weights, ensuring exactness of
the cubature formula on the given subspace, see the next Lemma 1. Let W be
the matrix defined element-wise as W;; := w(y;) fori =1,...,m and W;; =0
fori,5 = 1,...,m with i # j. We consider weights o = (av1,..., )" of the
form

1 1
a:=(/wly),. .., \/w(ym))—r 0) %DG_lel = EWl/QDG_lel, (33)

10



where e; := (1,0,...,0)T € R" denotes the vector with all components except
the first being equal to zero, and the first component being equal to one. The
components of « are given by

._1
T om

Q;

(Wl/QDGflel)A = %«/w(yi)Dinlel, i=1,...,m, (34)

with
D; = ~Jw(y:) (V1(yi), - ¥n (i) -

In the next lemma we specify conditions on the nodes and weights such that
the cubature (2) is exact on V,,, see Section 6 for the proof.

Lemma 1. In any dimension d = 1 and for any n = 1, let m = n nodes

Y1, ---,Ym € ' be a unisolvent point set for the space V,,. If the weights oy, . . ., i,
are chosen as in (33) then the formula (2) satisfies
In(¢) = I(I5}¢),  for any ¢ € L*(T, ), (35)
and
I,(v) = I(v), for anyveV,. (36)

Remark 1. The weights in equation (33) can be calculated as o = %Wl/zDh,
where h is the solution to the linear system Gh = e;. Note that, from Corol-
lary 1, the matriz G is well conditioned w.h.p. under condition (26).

For any n > 1, the projection II, ¢ of ¢ onto V,, satisfies

I(Hnd)) = I(¢)v pe LQ(F’ /~L)a (37)

whose proof is identical to the proof of (35). Using (36) together with (37) it
follows that

Ln(Iu¢) = I(¢), e L*(T,p). (38)
Set h, := ¢ — II,,¢, and define the vector g € R™ whose components are given
by ¢g; = hn(y;) for any i = 1,...,m. We can decompose the integration error of

11



I,,, into two terms named S and B respectively:

I J (76 — T1,6) du
:J I (6 — ) du
_ TG lDTwl/Q (39)
m
- EeIDTWWg + lelT(G’l —)DTW/2g (40)
_1 N , S Tyi71/2 A
= )+ 3 (G- GOPTI) o)
=TS =:B

(41)

where the first equality uses (37) and (35), the second equality follows from
properties of projection operators, the third equality uses (35) together with
the definitions of I, and g. Notice that (37) implies

E(S) =E (w(b) —E (an¢) =0, (42)

but there is no reason for B to have zero mean, and in general

Usually B := E(B) is called the bias of I,,.
By conditioning depending on the value of ||G —1I||, for any 6 € (0,1) we can
define another cubature formula

0, otherwise,

that uses the cubature formula I,,,(¢) defined in (2) with weights (33). Notice
that I,,(¢) can also be written as a cubature formula of the form (2), with the
same nodes as I,,(¢) but with weights given by

Lo
- /2 -1 i _
o mW DG tey, if ||G-T|| <, (44)

0,...,0)T, otherwise.

A consequence of (35) is that I,(¢) = I(¢) for any ¢ € L2(T', ) on both
events {||G —I|| < 6} and {||G —I|| = 0}. However, (36) with I,, ( ) replaced

by In(v) remains true only on the event {||G — I|| < 8}, because I, (v) = 0 for
any v € V,, when {||G —I|| = 6}. On the event {||G —I|| < ¢}, the integration

12



error of fm can be decomposed as
I(¢) = In(¢) = S + B, (45)

where the terms S and B are the same that appear in (41). The bias of Iy is
B := E(I;,(¢)) — I(¢). The expectation in the definitions of B and B is over
both events {||G —I|| < ¢} and {||G —1I|| = 6}. In contrast to B, for B such an

expectation is always finite. The term B asymptotically vanishes as m — 400,
and the proof of this fact is postponed to the end of this section. However B
and B do not vanish, in general, when m is finite.

The next theorem quantifies the integration error of the formula (2) in prob-
ability, and the integration error of the formula (43) in expectation. Its proof is
postponed to Section 6.

Theorem 3. In any dimension d, for any real r > 0 and any ¢ € (0,1), if the
m i.i.d. points yi,...,Ym are drawn from o defined in (13) and condition (26)
holds true then:

i) the cubature formula (2) with weights chosen as in (33) satisfies (35)—(36)
with probability larger than 1 —2m™";

i) for all ¢ such that sup, \/w(y)|¢(y)| < +0, the integration error of the
cubature formula (2) with weights (33) satisfies

Pr(I1(6) = Ln(9)] < (1 + V2)er,u(@)) = 1-2m™";  (46)

iii) for any ¢ € L*(T,p) the integration error of the cubature formula (43)
satisfies

B (|100) = Tnl@)]| ) < (1 ) (eat@))? + 2@, a)
with £(m) as in Theorem 2, and also satisfies
m 1-6

E (|r0) - To@)) < /2 (14 525 ) al@) + 2@, (a9

with

ctm,) =/ 2y " (1 v, 1)

<(4+ 8[lnn]) ”T_l (1 + \/Z> .

Before closing the section, we compare our randomized cubature formulae
with the Monte Carlo method and with Importance Sampling Monte Carlo,
hereafter shortened to Importance Sampling. With all the three methods the
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integral I(¢) in (1) is approximated using a cubature formula I,,,(¢) as in (2),
but with different choices for the nodes and weights which amount to different
estimates for the associated integration error (7).

With Monte Carlo the m nodes y1, ...,y are independent and identically
distributed according to p, and the weights ayq, ..., a,, are all set equal to 1/m.
The mean squared integration error of Monte Carlo is given by

_ Var(¢) '

m

2
E (11(6) ~ In(9)F") (49)
With Importance Sampling, the m nodes y1,..., 4y, are independent and
can be chosen identically distributed according to o, and the weights can be
chosen as a; = w(y;)/m for i = 1,...,m. The corresponding mean squared
integration error is given by

£ (11(6) - Ln(o)?) = Y222 (50)
m

In our cubature formula the m nodes 1, ...,y are independent and iden-
tically distributed from o, and the weights are either chosen as in (33) or as
in (44). Concerning the error estimates, (47) proves convergence in expecta-
tion of [I(¢) — In(¢)|? and (46) proves a probabilistic estimate for the error
|I(¢) - Im((b)l

Our cubature formula and Importance Sampling both rely on the change
of measure (13), that is determined by the choice of the function w. In the
present paper we have chosen w as in (11), but any other nonnegative function
w : I' = R such that SF w™tdy = 1 could be used. In Importance Sampling, the
choice of w should hopefully make the variance in (50) smaller than the variance
in (49) of Monte Carlo. In our cubature formula, taking w as in (11) ensures
the stability of the projector II]" as granted by Theorem 2.

For any fixed n and any ¢ = 1,...,m, the weights (34) of the randomized
cubature formula converge almost surely to the weights of importance sampling
as m — +o0. Before presenting the proof of this result, we introduce the
following notation: for any m > 1 consider the finite sequence (y1,...,ym) < T
and define the matrix D™ € R™*", whose elements are D} := /w(y;)¥r(¥i),
and

1 1
Qim = —A/w(y)DI(G™) ey, G™:=—(D™TD™, i=1,...,m,
m m

where D" is the ith row of D™. The weights defined above are the same as in
(34), and the purpose of the new notation is solely to emphasize the dependence
on m in the design matrix D and in the cubature weights.

Theorem 4. Let ™ satisfy (26) with some § € (0,1), n = 1, r > 0. For any
i € N the sequence of random variables (M m)m>max{i;m} converges almost
surely to w(y;) as m — +0.
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Proof. Fix € € (0,1) and any ¢ € N. Take J. := min 6),5} and .
+ €

w(y;
that satisfies (26) with ., n and r. Of course . > . Define also the events

Al = A{Ima g, —w(y)| > €}, m=m.

Then for any m > 7. we have with probability at least 1 — 2nm~("+1) that
[maim — w(ys)| = |V wly) D ((G™) 7 =T el
m my— de/mw(y;)
V@)D e IG™)™H =1l fere, < ——5— <e¢

1—96.
because |D"|7, = w(y:) X37_, ¥;(yi)* = n, and from (32)

de

m\—1 _
Iy~ < =55

with probability at least 1 —2nm~(+1. As a consequence Pr(A? ) < 2nm =+
for any m > m.. Hence, using (92), we have that

r+1
ST Pr(4l) <20 (147) "0 Y (5(@))

il -\ Inm
m>me m>me
52 r+1
<2n7T < £ > 272k(r+1)
21+ r) kgo

52 r+1 1
:2 - £ <
" (2(1 + r)) 20y 1 - %

and since
> Pr(4l,) = Pr(Al)+ Y Pr(AL) <+
m=m m=m m>me
from Borel-Cantelli lemma ma; ., — w(y;) as m — 400 almost surely. O

In the limit m — 400, the matrix G tends almost surely to the n-by-n
identity matrix, see e.g. [18, Theorem 1] for a proof. From the strong law of
large number we have

-
1 m—

—oTwl2p m=F* ( f wey do, .. ., f WPy, da) . almost surely.
m r r

Both sequences of vectors ® ' W'/2D and G~'e; converge almost surely. Their
scalar product is a finite sum of products of real random variables that converge
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almost surely, and therefore we also have the following almost sure convergence
m
In($) = ), i ¢(u:)
i=1

1 m—s
=0 = E‘I)TWI/QDGflel 5 J w(y)p(y) do (51)

T
=E(w)
~1(¢), e LT, p).

Using (51), for any ¢ € L?(T', 1) we have
E(In(9) —1(¢) =B 0.

One can actually quantify more precisely the decay of B w.r.t. m. Inspection of
the proof of (48), more precisely using (75), (76) and the notation from there,
shows that there exist positive constants C7,Cy such that

N Cy + Cyl
Bl < f | B dpim +J 1B dptn < =228 0 (6) 1 9] 1(6)[m
{IG-1)|<8} {IG-11|>3} m 1-9

Hence B = O(1/m) showing that the bias term B decays faster w.r.t. m than
the mean integration error in (48).

The error estimate (47) shows that, if 7 is large enough, then the root mean
squared error decays at least as fast as the squared best approximation error.
However the rate of convergence of this estimate does not catch up with those of
Monte Carlo (49) and Importance Sampling (50) due to the missing decay with
respect to m. Here the error estimate (48) comes in handy since it recovers the
same convergence rate of Monte Carlo and Importance Sampling with respect to
m. The estimate (48) shows the main advantage of randomized cubatures over
Monte Carlo and Importance Sampling: the decay of the error (48) is determined
by the decay of the term m~/2 and the decay of the best approximation error,
in contrast to (49) and (50) that only decay with respect to m at the same rate,
i.e. m~Y/2 for the root mean squared error.

In Theorem 3 we have written the estimate (48) using the upper bound in
Lemma 3, that relates to the best approximation error in L?*(T', ). The same
estimate can be slightly improved using the equality (83), that relates to the
weighted best approximation error of ¢ in L?(T', u). Since w™!du in (13) is a
probability measure and w satisfies (12), such an error can be sandwiched for
any n = 1 as

|6 = adlrr(r ) < [Vw(e — )| < Voo —Tag|, ¢e L*(T,p),

or as
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n”Var(w(9—11,¢)) < [Vw(d—119)[* < [w™ e (r u Var(w(¢-119)), ¢ € L*(T, p),

thanks to Var(w(¢ — I1,,¢)) = |w(¢ — I1,,¢)|? from (42).

For some polynomial approximation spaces, see the forthcoming Remark 9,
lower bounds for w of the form (67) are available. Using such a lower bound
and taking n = 1, the variance in the above formula connects with the variance
of importance sampling (50).

In contrast to our cubature formulae, Importance Sampling and Monte Carlo
are not exact cubature formulae on V,,.

The more advantageous error estimate of randomized cubatures comes at
the price of two additional computational tasks: the calculation of the cubature
weights, that requires the solution of a linear system whose matrix G has size
n x n, see Remark 1, and the generation of the random samples from ¢,,. The
cost for solving the linear system does not depend on m and d, and the cost for
assembling G scales linearly in m. The cost for the generation of the samples is
provably linear with respect to d and m, when T' is a product domain.

Remark 2 (Adaptive randomized cubatures for nested sequences of approxima-
tion spaces). The results in Theorem 3 are proven using identically distributed
random samples, and apply to any given approximation space V,,. The same re-
sult as Theorem 3 can be proven for another type of (nonidentically distributed)
random samples, following the lines of the proof of [19, Theorem 2]. These
random samples allow the sequential construction of weighted least-squares esti-
mators on any nested sequence of approzimation spaces (Vy, )p=1 with dimension
ng 1= dim(Vy,), using an overall number of samples that remains linearly pro-
portional to ny, up to logarithmic terms. Using such a type of random samples
and [19, Theorem 3], the whole analysis of randomized cubatures from this ar-
ticle carries over using nested sequences of approximation spaces rather than a
single space.

Remark 3. The error estimates (46), (47), (48), have been presented for real-
valued functions, but they extend to complex-valued functions with essentially
the same proofs by identifying R? and C.

Remark 4 (Median trick). For any k = 1 odd, another estimator of 1(¢) is

1254(6) 1= med (In(6)V, .. Tn(0) M),

the median of k i.i.d. copies of I,,(¢). The following interesting observation for
In’“iff(cﬁ) has been pointed out to us by one of the referees during the review of
the paper. Combining (46) and [16, Proposition 2.2] with the interval [I(¢p) —
(14 v2)ew,w(9), 1(6) + (1 +v2)ew,w(d)], 00 = I5,(¢), a = 2m™" and 5(4a(1 -

a))k? < 2F=1ak2 gives

Pr (|1(6) — I2(0)| < (14 Ve w(9)) = 1 -2 L@m ™2, (52)
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again under condition (26). An interesting feature of (52) is that the confidence
level can be made exponentially small in k: taking m := [27/"] with v > 3 such
that (26) holds true (with the same n as in (46)) gives

Pr(|16) - 15581 (0)] < (L4 V2)ewu(@) = 1 - 258G (53)

with the same best approximation error eq (P) as in (46). The construction
of Iﬁf,f(qb) requires km evaluations of ¢ instead of only m required for I, (¢).

8.1. Randomized cubatures with optimal asymptotic convergence rate

In this section we analyse another cubature formula, that is obtained by adding
a correction term to the cubature I,,(¢) defined in (43), using control variates
[13, 23]. Define two mutually independent sets of random samples: 41, . . ., ¥, iid
from w, and y1, ..., Y, iid from o. We consider the following cubature formula,
that uses the above 2m random samples as cubature nodes:

3

(6 — &) (@) (54)

1

Lo (8) = I (9) +

1
m;
The nodes y1, ..., Ym, Y1, - - - , Ym are not identically distributed. The m ran-
dom samples y1,...,ym are used to compute the weighted least-squares esti-
mator ¢ of ¢ and the cubature I,,,(¢) defined in (43), and then the m random

samples 41, ..., Y, are used in the Monte Carlo estimator of ¢ — (5 By con-
struction Is,, (@) ~ I(¢) because

I(¢) - I(9) ~

1 & ~

o i;(éb - ¢) (i),

and I, (¢) = I(¢) for any ¢ € L2(T, ;1), as a consequence of (35). The error of
the cubature Is,,(¢) satisfies the following theorem, whose proof is postponed
to Section 6.

Theorem 5. In any dimension d, for any real r > 0 and any 6 € (0,1), if
condition (26) holds true, and 41, ..., Um are i.i.d. from p, and yi,...,Yym are
i.i.d. from o defined in (13), and §1,-..,Ym,Y1,---,Ym are mutually indepen-
dent, then for any ¢ € L*(T', u) it holds that

((1+e(m)) (e2(9)* + 2[¢>m™"),  (55)

1
m

e (|10~ Bt ) <

with e(m) as in Theorem 2.

From the estimate in (55), using Jensen inequality, we have that

Ewwwi%wmsjﬁ@h+dm@www@wm#@. (56)
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In (48) when using 2m points we can choose an approximation space of dimen-

sion n* such that
2m_ 1+7r)

In2m = £(0)

(57)

We compare now the estimate (48) for the cubature I, (¢) on Vi, with 2m
points and the estimate (56) for Iom, (¢)) on V, that also uses 2m points. Suppose
that mingyey, |¢ —v| < Cn~* for some s,C > 0. For any m > 1, r > 0 and ¢ €
L2(T, ), it holds that 2|I(¢)|(2m)~" < v/2|¢|m~"+1V/2. Both terms m~("+1)/2
and (2m)~" always decay sufficiently fast for r large enough, i.e. r = 2s — 1,
and therefore, when comparing the convergence rates w.r.t. n of (56) and (48),

we can focus only on the term containing the best approximation error. Denote

em, Z)7 that satisfy C(s6) < C(4s) for any

Cs6) = /1 +e(m) and Ciygy := 1+

§<1,n>1and m=>1. From (26) and (57) n* < 2n, and if s > % then

. n* _ 2n _ 056 _
’I71>226 - 0(48) %(n*) S>C(4g)q/%(2n) S > \}ﬂﬁ)n s,

On the one hand, this shows that the error estimate (56) has a better con-
vergence rate w.r.t. n than (48) when n > 2%, s > 1 and r > 2s — 1. On the
other hand, the estimate (48) gives a better upper bound for the error when n
falls in the preasymptotic range, in particular when s is large or r < 2s — 1,
and the bound has a better dependence on ¢ since the term |I(¢)| can be much
smaller than ||¢|.

The cubature (54) is exact on V, w.h.p., because the same holds for the
cubature (43) from item i) of Theorem 3, as a consequence of ¢ — % = 0 for any
¢ € V,, w.h.p., and therefore ¢(y;) = (5@1) foralli=1,...,m.

Remark 5 (Convergence rates of stochastic cubatures). From (56), we obtain
explicit convergence rates of the cubature me(¢), assuming an algebraic decay
n=* for some s > 0 of the L*(T', i) best approzimation error. For any r > 0,
n =1 and the smallest integer m satisfying (26), for any ¢ € L*(T, pn):

~ 1
e2(0) <17 — E(|166) - Bn(0)]) < = (v +m72),
where f2m(q5) uses 2m evaluations of the function ¢. The above convergence
rate can be made explicit w.r.t. m as

L
Jm

Toking r = 2s yields the convergence rate Trfs’l/2(lnm)S up to a constant
independent of m and n.
Since condition (26) implies m 2 (1 + r)nlnn, it can also be rewritten

(n_s + m_r/Q) <m ™ V2 (Inm)* (1 4 r)* +m /2712,
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w.r.t. n as

1 _ /o
—W (nfs + mfr/Q) <n s ((IL+7)lnn) V2, p-r/2-1/2 (1 +7)nn) /2-1/2
and taking r = 2s the leading term 1is n_s_l/g(ln n)_1/2 up to a constant inde-
pendent of m and n.

Remark 6 (Comparison with results from [22, 13] in Sobolev spaces ). Funda-
mental results on integration over I' = [—1,1]¢ with different classes of smooth
functions are presented in [22, 13] and references therein, for Monte Carlo meth-
ods using m evaluations of the integrand function.

Our convergence estimate (56) is written using the L? best approzimation
error of ¢ in a finite-dimensional subspace. With Sobolev classes, estimating
the best approximation error depending on the smoothness of the function ¢
gives convergence rates that essentially match the optimal rates from [22, 13].
For instance, if we consider Sobolev spaces H*([0,1]%) of functions with square-
integrable (weak) derivatives up to order k on the d-dimensional unit hypercube
with Lebesgue measure, and a subspace V,, for which the worst-case L? error
SUP| |, . <1 ea(@) =n—d then we have

(lnm)%,

alx
alx

E (\zw) - fgmw)f) .

where we have proceeded as in Remark 5 to express n as a function of m. This
rate agrees with the optimal convergence rate in Proposition 2-(ii) of [22, page
70], or with Theorem 5.3 of [13], up to a logarithmic term. Similar consider-
ations apply for integration of H functions on bounded Lipschitz domains as
long as standard piecewise polynomial spaces are used, that achieve a worst-case
error ey =n"4 (see [25, 15]).

The estimates (48) and (56) hold in any general domain T < R%. The
corresponding cubatures are exact on the given subspace, and the calculation of
their nodes and weights requires an L?-orthonormal basis in explicit form.

The rate in (48) is slower than (56) by a factor 1/2, and the corresponding
cubature uses m instead of 2m nodes. The estimate (48) is similar to [22,
Lemma 1, page 69], which also gives an estimate of the cubature error in terms
of the L? best approzimation error on a given subspace, using m nodes instead
of n, with m and n as in (26). The additional logarithmic oversampling factor
1s required for the efficient generation of the cubature nodes, as described at the
end of the introduction.

3.2. Randomized cubatures with strictly positive weights

In this section we construct cubature formulae of the form (2) with the weights
(33), enforcing the additional property that all the weights ai,...,a,, are
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strictly positive. Define

-1
n
cet= ] < 3 ) — (a1)]2
wing = infw(y) < min w(y:) =n <i_q{§?§m]zl 1590 ) »
which is independent of m and depends on V,,. Of course wiys < 1, because
otherwise {. w~tdu < 1 from (13), and this contradicts orthonormality of the
basis.
More precisely we prove that, if m is sufficiently larger than n, then

N - ) i)
- 2m -

2m

Q5

for all i = 1,...,m with high probability. Strict positivity of w(y) for any y € T"
therefore implies that the weights aq, ..., a,, are all strictly positive. The next
theorem establishes how much the cubature weights deviate from the weights of
importance sampling in the nonasymptotic regime, when w;ys > 0. The proof
of this theorem is postponed to Section 6.

Theorem 6. In any dimension d, for any real r > 0 and any n > 1, if the m
i.i.d. nodes y1,...,ym are drawn from o defined in (13) and m satisfies
m__ 3(1+r)n?
Inm = (41n(4/3) — Dwins

(58)

then

i) the weights oy, ...,y given by (33) satisfy

Pr (ﬁ { < VWins0(y:) }) S1-2m™™;  (59)

2m
i) the cubature formula (2) with weights (33) satisfies items i), 4) and 4ii)
of Theorem 3 with e(m) replaced by

()

(1+7)lnm — 9(1+7r)lnm’

o — w(y;)
m

e(m) = (60)

in (47), and with 1/(1 — 0) replaced by 3/(2 — 26) in (48).

Remark 7. Since the following trivial inclusions between sets of random events
hold true

|

o — w(y:)
m

Wingw(y;) ~ w(y; ~
< Yo (o 40 < (oo,

i=1
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from (59) the event in the above right-hand side holds true with an even larger
probability than 1 —2m~". Therefore, since from (59) all the weights ay, ...,
are sandwiched between two strictly positive bounds, they are just strictly positive
with an even larger probability than 1 —2m™".

It is worth to notice that the weights of the cubature (54) are not strictly
positive. Using the expression of ¢, the cubature (54) can be written in the
form (2) as

Fon(0) = 3 (0060 + (w0

with nodes y1,...,Ym,¥1,-- -, Ym and weights

1 n 1 o ~ _ .
o (S Lz v weDe ) L inlG -1 <5

Q= m i
0, otherwise,

From above, the weights &; might be negative. Proceeding as in the proof
of (59), one can obtain conditions on m ensuring that with large probability
> @) < logm, see Remark 10, which is a classical way to quantify the
stability of a cubature in presence of negative weights.

4. Multivariate polynomial approximation spaces

In this section we assume that the domain I' € R? has a Cartesian product
structure,
d
[=xg_ Ty, (61)

where I'; € R are bounded or unbounded intervals. We further assume that
dp = ®g:1duq, where each u, is a probability measure on I';. For convenience
we take I'y = I'y and p1q = pg for any g = 2,...,d. Assume the existence of a
family (¢;)j=0 of univariate orthogonal polynomials complete and orthonormal
in L2(T'y, p11). For any v € N¢ we define the multivariate polynomials

d
o) = [, ?), =", ...y eT, (62)
g=1

with (9 being the gth coordinate of y. The set (wy)ueNg is a complete or-
thonormal basis in L(T, ).

Consider any finite d-dimensional multi-index set A = NZ, and denote its
cardinality by #(A). We denote the polynomial space Py = P, (T") associated
with A as

Pp :=span{y, : veA}. (63)
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The result from the previous sections apply to the polynomial setting by taking
Vi, = Pa with n = #(A). A remarkable class of index sets are downward closed
index sets.

Definition 1 (Downward closed multi-index set A). In any dimension d, a
finite multi-index set A = N& is downward closed, if

veAh = U<y, VUeA,
where U < v is meant component-wise, i.e. Uy < vy for any q=1,...,d.

A relevant setting in which this type of index sets arises is Gaussian inte-
gration, where p is the Gaussian measure on I' = R?, and the 1), are tensorized
Hermite polynomials. On the one hand, tensorization of univariate Gaussian
quadratures becomes prohibitive as the dimension d increases, due to the ex-
ponential growth in d of the number of nodes. On the other hand, the use
of downward closed sets allows one to tune the polynomial space and allocate
only the most effective degrees of freedom, depending on the importance of each
coordinate in the approximation of the target function.

Remark 8 (Inverse inequalities for polynomials supported on downward closed
index sets). Given two integer parameters (61,02) € Ny x No u {(—1/2,—1/2)},
let p be the probability measure on I’ = [—1,1]¢ defined as dy = ®%dJ with

+1
dJ:=C(1—t)%(1+t)%2d\t), te[-1,1], and C s.t. f dJ(t) =1.
-1

Consider the tensorized Jacobi polynomials (JSI’02)y€Ng constructed by (62)
when taking (©r)k=0 as the sequence of univariate Jacobi polynomials orthonor-
mal in L2([-1,1],dJ). The (J%:%2), corresponds to tensorized Legendre poly-
nomials when 61 = 0y = 0, and to tensorized Chebyshev polynomials when
01 = 0 = —1. Choosing the orthonormal basis (1), as (J9-%2), and given
any downward closed index set A < Ng with cardinality equal to n, see Defini-
tion 1, define V,, using (63) as the space generated by (J9:%2),cn. In the setting
described above, the following inverse inequalities are proven in [4, 20]: for all
v € V,, it holds that

[o] e < nBE02) |y, (64)
where
max{@hgg} +1, (91,92) e Ny x No,
B(61,62) :={ In3 L (65)
M7 (91792): (_iu_i)v

One step that leads to the proof of such inequalities, see [4, 20], is the estimate

2 2B(6,,02)
max kz:]l k()] < : (66)
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Remark 9 (Lower bound on w for polynomial spaces). From a numerical
standpoint, it is desirable that the weights are not only strictly positive but also
bounded away from zero. When V,, is a polynomial space on [—1,1]% generated
by the (J%92),cn with A downward closed, strictly positive lower bounds for the
weights can be derived by using the estimate (66). Using (66) we obtain the
following lower bound uniformly over T' for w:

w(y) =n!2BE00) -y e, (67)

with 01,05 being the same parameters that appear in Remark 8.

The next result is a corollary of Theorem 6 in the particular case that V,, is
a polynomial space, and is obtained by using the lower and upper bounds (67)
and (12).

Corollary 2. In any dimension d with T = [—1,1]¢, let u be the Jacobi proba-
bility measure on I' and V,, be any downward closed polynomial space generated
by tensorized Jacobi polynomials. For any real v > 0 and n = 1, if the m
i.i.d. nodes y1,...,ym are drawn from o defined in (13) and m satisfies

m 3(L+7)  9p(61,00)+1 1
= n ’ ’ — 5’ o )
Inm = 4In(4/3)— 1" (61,02) € No xNow g (=5 =5 |+ (68)

then
i) the weights oy, ...,y given by (33) satisfy

~ 1 3y/n .

i=1

i) the cubature formula (2) with weights (33) satisfies items i), 4i) and i)
of Theorem 3 with e(m) replaced by

(o)

(1+7r)Inm — 9(1+7)Inm’

e(m) =

in (47), and with 1/(1 — 0) replaced by 3/(2 — 26) in (48).

The next corollary contains a similar result as Corollary 2 but choosing
w = 1, that corresponds to using standard least squares with random samples
distributed as p.

Corollary 3. In any dimension d with T' = [—1,1]¢, let u be the Jacobi proba-
bility measure on ', and V,, be any downward closed polynomial space generated
by tensorized Jacobi polynomials. For any real v > 0 and n > 1, if the m
1.9.d. nodes yi,...,Ym are drawn from p and m satisfies

m 31+7) 4Bo,.62) 11
= e ’ ) 57 o )
Inm = 4In(4/3) —1" (61,02) € No x No v 4 { =3 =3 (69)
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then

i) the weights oy, ...,y given by (33) satisfy

o 3 .,

i) the cubature formula (2) with weights (33) satisfies items i), i) and i)
of Theorem 3 with €(m) replaced by

1
4 (377,3(91’92)) 2

<
(1+7)lnm 9n2B(01,92)(1 4+ ) Inm

g(m) =

in (47), and with 1/(1 — 0) replaced by 3/2 in (48).

The exponent of n in condition (68) with weighted least squares is always
smaller than that in condition (69) with standard least squares. In the Legendre
and Chebyshev cases, Corollary 2 ensures positivity of the weights with large
probability if

m 31+r)
= n-,
Inm = 4In(4/3) —1

with
s=2B(0,0)+1=3, in the Legendre case, and
1 1 In3
s=2B|——=,—= | +1= i + 1 ~ 2.585, in the Chebyshev case.
27 2 In2

5. Conclusions

In any domain I' € R? with any dimension d € N, we have constructed ran-
domized cubature formulae that are stable and exact on a given space V,, on I'
with dimension n, under the assumption that an L? orthonormal basis of V, is
available in explicit form. In Theorem 3 we have proven that the integration
error of these cubature formulae satisfies convergence estimates in probability
(46) and in expectation (47)—(48), under condition (26) on the required number
of nodes. Such a condition imposes a number of nodes only linearly propor-
tional to n, up to a logarithmic term, thus approaching the number of nodes in
Tchakaloff’s theorem (see Theorem 1), in the same general setting of arbitrary
domain I' and arbitrary dimension d. If the number of nodes satisfies the more
demanding condition (58), where m is at least quadratically proportional to n
up to a logarithmic term, then the proposed randomized cubature formulae have
strictly positive weights with high probability. Both conditions (26) and (58)
are immune to the curse of dimensionality: the required number of nodes only
depends on n, and does not depend on the dimension d. The rate of conver-
gence with respect to m for the error in (48) catches up with the convergence
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rate m~1/2 of Monte Carlo, but the multiplicative constant in (48) can be much

smaller thanks to the additional decay of the best approximation error in V,, of
¢. As a consequence, the proposed randomized cubatures provably outperform
Monte Carlo whenever the best approximation error in V,, of ¢ decays faster
than n—1/2.

As a further contribution we have constructed also a cubature formula that
matches optimal rates from [22, 13] up to log terms in some settings like Sobolev
spaces, but with error bounds that can be larger in the preasymptotic regime,
see Theorem 5, Remark 5 and Remark 6.

A point that has not been addressed in the present article is the choice of the
space V,,. Such a choice depends indeed on the function ¢, or on its smoothness
class. In many applications, for example in the analysis of partial differential
equations with parametric or stochastic data, a priori analyses provide good
approximation spaces V,, with proven convergence rates n=° with s > 0. When-
ever this is not the case, one can resort to an adaptive construction of the
approximation space, see Remark 2.

The results on randomized cubatures in this article have been presented us-
ing always m identically distributed random samples from o for the construction
of the weighted least-squares estimator of the integrand function, for both cuba-
tures in Theorem 3 and Theorem 5. The cubature in Theorem 5 uses in addition
m random samples from g, but not for the construction of the weighted least-
squares estimator. The whole analysis in this paper applies tout court to other
types of (nonidentically distributed) random samples from other distributions
than o, e.g. the distribution used in [19, Theorem 2], and extends to the adap-
tive setting by exploiting recent advances on adaptive weighted least-squares
estimators for approximating the integrand function.

6. Proofs and intermediate results

In this section we use the notation du,, := @"du.

Proof of Lemma 1. Proof of (35). On the one hand, using in sequence 7 = 1,
the orthogonality property of the basis functions and |[41| = 1, we have that

() = L 7 dy (70)
_ f S By dp
Fj=1
=P, (71)

with 81 being the coefficient associated to 11 in the expansion (17).

On the other hand, the left-hand side in (35) is the cubature formula (2),
that can be read (up to a multiplicative factor m~=!) as the scalar product in
R™ between the vector a containing the weights and the vector ® containing
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the evaluations of the function ¢ at the nodes, and from (20) we have

1 1 1
In(¢) = —a'® = — (DG_lel)T b=—e]G'DTb=¢]B =P, (72)
m m m
that proves the equality (35).
Proof of (36). We notice that, since II"" is a projection on V,,, then it holds

Iy = v for any v € V,,, and we obtain (36) from (35). O

Proof of Theorem 3. The proof of i) is an immediate consequence of Lemma 1
and Corollary 1-ii).
For proving ii), using point i) we bound the integration error as

[(¢) — Im ()| =

| -mzo du'

< — 1| d
< L 16— ) du
<[¢ — 79, (73)

and combining with (28) we obtain (46).

Proof of iii) estimate (47). We start by splitting the expectation in (47)
over the sets of events {||G — I|| < 6} and {||G —I|| > ¢}. Since on the event
{IG —1T|| <8} the cubature I, (¢) equals I,,,(¢), we obtain

E (\Iw) - M@f) - jl s O = T it |

lIG-1jl>s

Then we use the upper bound (73) and proceeding as in the proof of (29) in [6]
we obtain

J 11(8) = I ()] dpim < f [6=TI )1 dpmy < (1+£(m))(e2(6))*.
lIG-1ll<s lIG-Tjl<s
(74)
The last term in the right-hand side of (47) is an upper bound for the integral
on the event |G —I|| > §, where I,,,(¢) is set to zero.
Proof of iii) estimate (48). Splitting the expectation in (48) over the events
{IIG =1|| < ¢} and {||G —I|| > d}, using (43) and (39) we obtain

B(|10) - Tn@)) = | |6 T

djim + f 1(6)] i
IIG—-T||>4

llG-1j|<s |77 J
=:A =:B
(75)
Term B can be controlled as
| @ dun < 2l (70
lG-1]>3
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For term A, using (40), triangular inequality, the sub-multiplicative property
of the operator norm, |G~} < (1 — §)~! and Cauchy-Schwarz inequality we
obtain

-
lIG-Tl<s

<E <’161TDTW1/25]
m

1
—e] (G —I)DTW 2y
m

ielTDTwl/Qg

ditm
m

Ao, + f
lIG-Tll<s

1
> +J |G~ =1|| | =DTW'/2g
lla-TjI<s m

A,

Lo
1 AN\ 1
< |E ‘elTDTWUQg +— G =1 HDTWI/QQ dpim
m 1=0 Jjc-<s m t
9 1/2 9 1/2
<(E(|XeTpTI2yg T E (6 -1)2)"* (E Loz, .
m 1-6 m .

(77)
Using Lemmas 2, 3 and 4 to bound the expectations in (77) we obtain (48). O

One of the results used in the proof of (48) is the following upper bound on
the spectral norm of sum of independent random matrices, see for example [34,
Theorem 4.1], that we rewrite here in the Hermitian case. We denote by 0,, the
null n-by-n matrix.

Theorem 7. Consider a family (Q%)1<i<m of independent random matrices in
R™"™ such that E(Q") = 0, for all i, and define Z = > ;" Q*. Then

1/2

E21M)" < VE@IEET 2 + 0w (5 (o 1017))
with
C(n) :=4(1 + 2[lnn]).

Lemma 2.

—1
(E (|G = 1)12)) " < v/4(1 + 2[mn])y /”T (1 ++/4(1 + 2lnn), /7’;) .
(78)
Proof. Using the random variable y distributed as o, we introduce the n-by-n
real random matrices X = X (y) and Q = Q(y), whose elements are defined as

w(y) 5
XPQ(y) = W@bp(y)wq(y)v qu(y) = qu(y) - ﬁ? p,q = ]-7 ceey N
By construction, E(X) = LT and therefore E(Q) = 0,,. Denote by (X")1<i<m
a family of m independent copies of X, and by (Q%)i<i<m a family of m inde-
pendent copies of Q.
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The matrix X? has rank one, and @’ has full rank. Nonetheless, we can
compute an upper bound for ||Q"|| as follows:

R lI* < Q%
= trace ((QZ)TQ’)
= trace (X' —m ') T (X* ~')

I
=
N
i
=
R
kS|
|
S |g
hsi
S
N—————

=
Il
—

p=1q=1 =1
i 2 N n 5 i N
- ‘wfzg 21 21 o (i) [P [0q (i) [* = 1252 ) 21 W ()2 + %
p=1gq= =
—1
) % (79)

(X' =m ' DX =m™'D) = D (X =m ™ ) (X —m ) = Z X3 X~

and

Z Opp Z Opjdjq = Opq- (80)

j=1
The bound (79) holds uniformly for all i = 1,...,m, and therefore

- -1
B (e [107°) < 202 1)

Define Z := 3" | Q" = G — I and let us compute E(Z " Z). The components
of the matrix Z can be written as Z,, = (¢p, g )m — Opq, and therefore

<1/Jp7 wk>m - 51016) (<¢k7 1/’q>m - 5kq)

I

'(/}pa wk>m<wk7 'L/)q>m 2<1/)pa 1/’q>m + 6pq7

where at the last step we have used (80). Taking the expectation on both sides

gives

E(Z7 Z)pe) = 3 By, $0m (Wi b)) ~0og

k=1

=:Tkpq
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Using the independence of the random samples, the term T},, can be rewritten
as

Thpqg = <<Z w(y; "/}p Yi) UV (yi ) (i y] Yk ( Yj wq(yj)>>

m

(yz wp Yi wk yz Z y] "/}q Yj wk y] +E (Z ¢p Yi "/’q(yz)('@[]k(yz)) > s

1 j=1
G#i

3|~
VMS

-—— |E

3

and using linearity of expectation, the definition of w and (80) we obtain

. S m+n—1
21 Tipq = (Z (mépr(m — 1)dgx) + nmépq) = m Opg-
Hence we have finally
-1
E(ZTZ) = “—1,
m
and ( 0
n—
E(Z"Z)| = . 82
IE(Z " 2)] - (82)
We now apply Theorem 7 to the family of random matrices Q!,...,Q™,
using the bounds (81) and (82), and finally obtain (78). O
Lemma 3.

1 2 n
E - TDT 1/2 < — 2.
<\mel Wiyl ) < 2 ea(e)

Proof. Since from (42) E(wg) = 0, it holds that

2 1 m 2
) =E (m Zw(yi)g(yi)>

m2 Z Jw(y;)g(y;))

1,j=1

:ﬁ 2 E ((w(y:)g(y:)))

- f ~Tp(y) d (53)
(@)

1
E (‘melTDTWl/Qg

and at the last step we have used (12). O
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Lemma 4.
1
E (HDTWWg
m

) =~ (ea(9)”.
12

Proof. Using the independence of the random samples

2 n 2
> = E (Z Dixrn/w(yi)g yz)>

L2 k=1

2,

k=

3=

1
E (DTW1/2g
m

Ms

E (¢r (yi)w(ys) g (i) n (y3)w(y)9(y;))

1

3.\;‘ —
i

[

0,J

1(1
E

E ((¢n(yi)w(yi)g(y:)?) + E (Y (yi)w (i) g (i) Yr (i) w () 9(y;s))

NgE

I
S|~
=

1

-

iﬁMs

= % > ) D (k(w:) Z (¢rwg))?
m
i=1 k=1 k=1
n 2
:%Lfdw Z:: (J wkgdu>
=~ (ea(0))”

where at the last but one step we have used the definition of w, and at the last
step we have used the orthogonality of g to ¢y for all k =1,... n. O

Proof of Theorem 5. Denote with Eg, . 5 = the expectation over the random
samples 41,...,Um. For given yi,..., ¥y, using the mutual independence be-
tween ¥1,...,Um and y1,...,Yn it holds that

1 ~
- Va9 - ). (8)

where the conditional variance on the right-hand side is defined as
Varye, (6(3) = 3(0) = By, <’¢(z7) ~ 8(0) ~ By (6(0) ~ 5@))\2) ,
using the following conditional expectation for the given y1, ..., Ym:
By(0) = 90) = | (90) — 50) dn ).
For any given y1,...,Yym, an upper bound for the variance is

Varg,(6(7) — o(7)) < L(aﬁ@) —0@)* du(®) = ¢ - 9I* (85)
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Using the law of total expectation, (84), the upper bound (85) and (29) we have
that

~ 2 ~ 1 & 2
~ 1 & ~ 2
:]Eylv s Ym Egl ~7gm I(QS - (Z)) - E Z(¢ - d))(?jl)
i=1
1 712
< By (16 - 312)
1
<7 1 : _ 2 2 2 —-Tr .
(0 e i o - P + 20017 )
O
Proof of Theorem 6. Proof ofi). Foranyi = 1, ..., m, using the sub-multiplicative
property of the operator norm we obtain that
w(y:) w(yi) - Vw(y:) _
0 — ) ‘ ") b (@ - er| < YRR Dy, 67t ) feall,
(86)

Now we estimate each term in the right-hand side of (86). For the second term,
the definitions of D in (18) and w in (11) ensure that for any ¢ = 1,...,m it

holds .
IDi]7, = w(yi) Y, ;(w:)* = n.
j=1

For the third term, using (32) we have that, under condition (26),

1)
_1_]1 < —
ot -1 < =,

with probability at least 1 — 2m™". For the fourth term |e1[¢, = 1. We now
observe that the restriction of ¢ to the interval

0 < et Winf n
2\F + /Winf ’

and strict monotonicity of § + §(1 — §)~! on such an interval ensure that the
left-hand side in (86) satisfies the following upper bound:

VvV w yl 5\/7 VW wlnf (88)

m 1—5

WV
Ju—y

(87)

Qg —

m

The above implies that «; > 0 uniformly for all ¢ = 1,...,m.

32



Since wins < 1, choosing

VWint . \/Wint
§ = NG 2{_’_\/@ n=1, (89)

and thanks to (93), we can enforce condition (26) as

m_ 3(1+r)n? _ (1+7r)n S (1+ 7")717 (90)
Inm =~ (41n(4/3) — Dwine  3(41n(4/3) — 1)62 £(9)

and obtain condition (58). Condition (58) ensures that (88) holds with prob-
ability at least 1 — 2m™" and simultaneously for all ¢ = 1,...,m, that is the
claim (59).

Proof of ii). From (90), condition (58) requires more points than (26). Hence
any cubature formula whose nodes are drawn from (13) and satisfy (58), yields
an integration error which obeys the convergence estimates in Theorem 3 but
with ¢ chosen as in (89). Using the upper bounds (12) and (92) one obtains
(60) in (47). Since § < & for any n > 1, (48) holds true replacing (1 —6)~* by
3/2. O

Remark 10. Under condition (26) for any 6 € (0,1) it holds that

(ﬂ{m (= Dy Yol (m,%)}>>1_2m—r. (1)

i=1 ( 5) 2

The above is proven estimating each term in the definition of the &;: the terms
D, W'2 are estimated as in the proof of (59), |G| < (1 —0)~", and the
n — 1 discrete inner products satisfy

(ﬂ {<w3,w1>m| min (m 3;)}) 1o

Jj=1

since from the polarization identity and ¢ = 1 we have for any j > 1 that

_ _ i+l Ile 1
<¢g,¢1>m = 2 9 2
lillm < V1+0, . ,
1 +5 o Iblem 1 _ 1 +5 2 Il 1 _ 36
— — m --< =
s+ 11 2= ol 41y - Wl 2 X

In (91), choosing 0 depending on n and proceeding similarly as in the proof
of (59), one can obtain conditions on m of the order n* ensuring Y, |&;] <
C'logm with large probability for some constant C'.

Lemma 5.
E(0) < — 6 €[0,1]. (92)
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Proof. Define U(8) := 62/2 and D(§) := U(§) — £(5). The function D(J) is
continuously differentiable at any 6 > 0, and strictly increasing since dD(4)/dé =
0 —In(1+46) > 0 for any 6 > 0. Since D(0) = 0, we have D(J) = 0 for any
0 € [0,1], and hence (92). O

Lemma 6.

3(41n(4/3) — 1)6* < £(0), b€ [o, ;] : (93)

Proof. Define w := 3(41n(4/3) — 1) ~ 0.452, L(d) := wé? and D(6) := £(5) —
L(5). The function D(J) is twice continuously differentiable at any § > 0,
dD(6)/ds = In(1 + ) — 2wd, and d*D(5)/dé* = (1 + 8)~! — 2w. Hence the
function D(J) is convex on [0, (2w)~! — 1], concave on [(2w)~! — 1,1/3], and
since D(0) = dD(0)/ds = D(1/3) = 0 it is also nonnegative over [0, 3], that
gives (93). O
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