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ABSTRACT. We derive sampling inequalities for discrete point sets which are of anisotropic tensor product
form. Such sampling inequalities can be used to prove convergence for arbitrary stable reconstruction
processes. As usual in the context of high-dimensional problems, our sampling inequalities are expressed in
terms of the number of data sites, i.e. the number of points in the sparse grid. To this end, new bounds
on specific monotone sets and on the number of points in an anisotropic sparse grid are derived. High
dimensional approximation; anistropic sparse grids; sampling inequalities; kernel-based reconstructions.

1. INTRODUCTION

In high dimensional approximation problems, the so-called curse of dimensionality is the main obstruction
to the simple upscaling of numerical algorithms which have proven to work well in low dimensions. In fact, if
there is no additional structure in a high-dimensional problem then basically no method can yield satisfactory
approximation qualities. In this paper, we focus on anisotropic smoothness as the main additional structure.
This basically means that the functions we consider do not possess equal numbers of weak derivatives in each
coordinate direction. Such problems naturally arise, for example, when dealing with simultaneous space-time
discretisations of parabolic problems, see for example [9, 10]. Other applications comprise the solution of
stochastic partial differential equations, see for example [17, 16].

We will focus on situations in which this anisotropy is known a priori, as it is the case in the above men-
tioned applications, and hence can be incorporated into all considerations. This is in contrast to applications
where the anisotropy is not known and hence dimension adaptive methods have to be developed. Such an a
priori knowledge is in particular important in this paper, since we are not designing any new algorithm but
focus on the deterministic a priori error analysis by means of sampling inequalities.

Such sampling inequalities have been introduced in [26] and successively been investigated in [1, 15] for
low-dimensional domains. In [20], first results for high-dimensional domains in the context of classical sparse
grids have been derived. It is the goal of this paper to generalise the results of [20] to the situation of
anisotropic and more general sparse grids.

The advantage of such sampling inequalities is that they provide means to easily derive error estimates for
every stable reconstruction method. This includes in particular kernel-based reconstructions as they are, for
example, popular in radial basis function approximation, see [25], or machine learning and support vector
machines, see [23]. Further details can also be found in the above mentioned papers.

2. THE PROBLEM: SAMPLING INEQUALITIES FOR ANISOTROPIC SPARSE (GRIDS

We will now describe the sampling inequalities that we will prove in this paper in more detail. To this
end, we first have to introduce some notation. As usual, let N := {1,2,...} denote the natural numbers
and Ny := NU{0}. We also use the notation R? = {x = (z1,...,24) € R? : z; > 0,1 < j < d} and
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R%o ={xeR:2; >0,1 <j<d}. ForxeR?we use |[x[; := Z;l:l |z;|. For v € N¢ we also use the

alternative notation |v| := ||v|; and v! := H?zl v;!. Furthermore, for v, p € N¢, we write v < p if and only
ifv; <pjforl<j<dand
(=11 ()
p) o A \pi)

Jj=1
In the same way we refer to multivariate monomials and multivariate derivatives by x* and DY, respectively.
Let QU) C R", 1 < j < d, be a bounded domain with a sufficiently smooth boundary. We are particularly
interested in the cases where QU) = [~1,1] C R is an interval or where n; is small, i.e. n; = 2,3. Then, the
spatial domain we are interested in is simply the Cartesian product

Q® = Q(l) X 9(2) X oo X Q(d)

To describe the functions on Q® we are interested in, let 3 € N¢ and 1 < p < oo be given. Then, we are
interested in estimates on functions from the anisotropic Sobolev space

WE(Q®) = {f € L,(Q®) : D*f € L,(Q®) for o € Nj with o < 3},
equipped with the norm
1 1ye e = D ID% fllL,@e)-
a<p
In several situations it will not be necessary to restrict ourselves to integer orders. In the case of p = oo we
will consider the classical smoothness spaces of bounded functions

CPQ%) = {f € C(Q®) : DX € Cy(Q®) for @ € N with a < B},
equipped with the standard maximum norms

||fHWg(Q®) = a%ﬁ,ﬁ% ‘D"‘f(x)|.

Both spaces, Wpﬁ (Q%) and C’bﬁ (Q®), can be considered as tensor product spaces generated by the corre-
sponding univariate spaces, see for example [2, 5, 22]. We are particularly interested in giving estimates on
fe Wf (Q®) or C’f (Q) provided that f is only known at a discrete subset of 2®. To make this possible, we
need to assume, in the first case, that 8; > n;/p for 1 < j < d such that the Sobolev embedding theorem
allows us to form point evaluations. Moreover, we have to describe the discrete point set on which f is
assumed to be known. Here, motivated by applications from anisotropic sparse grids, we use the following
construction. For each 1 < j < d let sequences of discrete, nested sets

be given. With these univariate sets, we can create sequences of multivariate sets by simply forming the
Cartesian products

29 ==x...x= = xeNL
The union of several of these multivariate point sets then form what we will call an anisotropic sparse grid.
To be more precise, following [16], we define for w € R% and ¢ € N the index sets

d
— d . - . i .
(1) Z,(,d) = (rveN: Zl(uj Dw; < flgljlgdwj ,
i=
2) Jw(t,d) = T, (C,d)\ T, (e - ”“"_'Hd) ,

where the first one is a special case of a monotone index set. With this, we are able to define an anisotropic
sparse grid point set as
- - —(1 —(d
(3) 284, d) := U :? = U :g\l) X oo X :g\d).
AeTw (4,d) A€Tw (4,d)
With this notation at hand, we can present one of our main results which will follow from the theory we will

develop in this paper. The precise conditions of the following theorem will be given later, see Theorem 7.
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Nonetheless, the theorem already shows a typical connection between the smoothness vector 3 defining the

Sobolev space and the weight vector w defining the anistropic sparse grid.
Theorem 1. Let 3 = w € N%. Under certain assumptions on the grid points Eg) there is a constant C > 0
such that

1711.<(c29) < Cllog N)EH i -

|fllwe e + C(IOgN)d”szoc(E@(z,d))a fe Cz?(Q@)-

Here, wyin = minj<;<qw; and N denotes the number of points in the sparse grid E&(¢,d). Furthermore,
[ flles () := maxxez | f(x)| denotes the discrete lo,-norm.

The above theorem generalises the findings for isotropic sparse grids from [20]. The result shows that such
sampling inequalities also hold for the specific anisotropic sparse grids mentioned above. As usual in this
context, we assume that the weight vector w is a given, fixed vector, which is, for example, determined by the
smoothness of the functions involved. Our results then concentrate on finding bounds for varying ¢ € N. As
for ¢ tending to infinity, the corresponding anistropic sparse grids look more and more like isotropic sparse
grids, the sampling inequalities should reflect this, as it is the case in the above theorem. However, the
techniques developed in this paper will also allow us to derive more sophisticated sampling inequalities and
hence error estimates when the weight vector w is changing. This will be the subject of a subsequent paper.

This paper is organised as follows. In the next section we describe and collect necessary results on
monotone sets, including new results or new proofs for specific integrals over simplices. This is required
for giving bounds on the computational cost, which means here particularly relating the number of points
in the sparse grid to the number of indices in the monotone index set. We employ the approach of [11]
and [16] when it comes to estimating the number of indices in the index set. However, in contrast to these
sources, we give new proofs based upon the Faa di Bruno formula for derivatives of concatenated multivariate
functions and the Hermite-Gnocci theorem and the Peano kernel representation for divided differences. This
new approach does not only allow us to derive the same bounds, it also allows us to derive explicit formulas
for several of the relevant integrals and sums, which are interesting on their own. Moreover, in contrast to
[11], we measure the computational cost not in terms of the number of indices in Z,, (¢, d) but in the actual
number of points in the sparse grid 2, (¢, d).

The fourth section is devoted to sampling inequalities. We start with collecting necessary results on quasi-
interpolation and Smolyak’s algorithm. We then give the generic idea of how to derive sampling inequalities
in rather general situations. Then, the main results of this paper are derived under certain assumptions on
the univariate data sets, the smoothness of the target function and the weight vector of the index set. Here,
we distinguish, as is common in this context, between oversampling and non-oversampling. In particular, we
will also give a general version of Theorem 1 and its proof and discuss several examples.

3. ESTIMATES ON THE COST

As mentioned above, we understand as cost the cardinality of the anisotropic grid Z& (¢, d) from (3). It is
the goal of this section to give both lower and upper bounds on the cardinality of =& (¢, d). We will achieve
this in two steps, where the first one is finding bounds for the cardinality of the index sets, in particular of
Z,(¢, D) from (1). To a certain extend this has already been done in [11, 16, 6]. However, as we employ
a different proof technique, we can, in many situation derive, even explicit representations instead of only
bounds.



3.1. Bounds on the Cardinality of Index Sets.

3.1.1. Monotone Sets and Basic Properties. Monotone index sets play an important role when it comes to
describing anisotropic behaviour. Unfortunately, the notation varies throughout the different publications.
Hence, we will now collect all relevant notation and properties of monotone index sets. We will also describe
specific monotone index sets, which are defined by a hyper-plane and form anisotropic simplices.

For the definitions and basic facts, we mainly follow [6, Sec. 2.1] and [16, Eq. 2.7, Eq. 2.10, & p2425]),
when it comes to the specific index sets Z,, (¢, d) and J,, (¢, d).

Definition 1. An index set A C N? is called monotone if v € A and p € N with p < v implies p € A.

For 1 < j < d we denote, as usual, the jth unit vector by e; € Ng, i.e. (€j)r = 0jx. Then, A is obviously
a monotone set if and only if each v € A with v; > 2 for any 1 < j < d satisfies v — e; € A.

As mentioned above, the set Z,,(¢, D) is a monotone set (or admissible in the sense of [7, Definition 2.4]).
To see this, let n € I, (¢,d) with ng > 2 for a 1 < j < d. Then, 1 — e; satisfies

d d
> m—ej—rwr < (ke — Dk < lomin-
k=1 k=1
Hence, we also have n —e; € Z,(¢,d). In the rest of the paper, we will particularly be interested in
monotone index sets, which are related to anisotropic simplices. To this end, let w € Ri be a weight vector
and T € (0,00) a threshold. Following [11, Eq. 2.2, 2.3 & 2.4], we define

d
EL(T) = xER‘éO:w'XZijxng ,
j=1
d
Du(T) = (keNi : w-k=> wik; <Tp=E,(T)NNE,
j=1
d
[Dw] (T) = U X [kj7 kj + 1) =: U [k’ k+ 1) )
keD,, (T) I=1 keD, (T)
where 1 = (1,...,1)T € R? is the constant vector having all entries as 1. We remark that these sets satisfy
the following inclusions, see [11, Proof of Thm. 2.6],
(4) Eu(T) € [D](T) € & (T + [lwll) -

As [Dy,](T) is composed of disjoint cubes of volume one, the number #D,,(T') of elements in D, (T) is given
by

(5) #D(T) = vol (D (T)) .
Finally, the set D,,(T) is closely connected to our index set Z,,(¢,d) from (1) as we obviously have
(6) Zo(t,d)={v e N : (v —1) w < lwmin} = Do (lwmin) + {1}.

We will also need the complements of these sets. Here, however, it is important to note the base set within
which the complements are formed. To be more precise, we have

To(6,d)¥ = N\ 7, (¢, d), Do (T)® = N§\ Do (),
[DL)(T)° =RL,\ [Du](T), (TP =RL)\ E,(T).
Using different base sets has, of course, certain consequences. For example, we have on the one hand
Zo(t,d) = {XeNT: X w < lwpin + [|wlli}
C AeNI: A w < lwopin + @i}

= Dw(gwmin + ||w||1)7
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but we also have on the other hand

T (0, d)"

AeN": X w > lwmin + w1}
AENE X w > lwmin + w1}
= Dw(&ﬂmin—’_ kul)c

(7)

N

3.1.2. Divided Differences and Integrals over Simplices. Next, we generalise the calculations from [11] in order
to have more general results with simpler proofs and in order to improve the readability of the manuscript.
Given a certain, continuous function f : R — R, we are interested in evaluating sums of the form

(8) FwTdy):= Y, f(v

keD,, (T)

As in [11], we are mainly interested in the case f = exp, but will derive a more general formula. Furthermore,
we are also interested in such sums if the sum is actually taken over the complement D, (T)¢ = N¢\ D, (T)
of D,,(T). For the proofs this will make no significant difference.

In order to evaluate sums of the form (8) we will employ a specific form of the Fad di Bruno formula,
which gives an intrinsic relation between such sums and certain multivariate integrals over the simplices
[D,](T). Then, we will use the Peano kernel representation of divided differences to further reduce these
integrals to univariate integrals which then can either be computed explicitly or bounded.

To introduce the Fad di Bruno formula, we need to recall the notion of a partition of a set.

Definition 2. Let M be a set. We call a family w(M) of subsets of M a partition if

e D¢ m(M),
o the elements of w(M) are pairwise disjoint, i.e., A, B € w(M) implies AN B =0,
e the union of all elements covers M, i.e., UAEF(M) A=M.

We denote the family of all partitions of a (finite) set M by Ppare(M).
For a partition 7 = w(M) we denote the number of sets in 7 by || and for A € m we denote the number

of elements in A also by |A|. Moreover, if 7 is a partition of M = {1,...,d}, then any set A € 7 represents
a multi-index o € N¢ by defining aj=1if j € Aand a; = 01if j € A. With this, we introduce the notation

olAlf
HjeA Oz

With this notation, the multivariate chain rule or Fad di Bruno’s formula [13, Prop 1] for g € C¢(R%) and
f € C4R) can be written as

d
) _ P fog= S () [ Dhetx

oxy---0x
1 d TE€Ppart ({1,.,d}) Aen

DAf:=D*f =

This allows us to derive our first representation for specific sums of the form (8) which we state for sums
over D,,(T) and sums over D, (T)E, as well.

Theorem 2. Let w € R and T > 0. For g € C4(R?) and f € C4(R) we have

1w 3 Z S~ (k+e)>:/ Y. ) [T pex

[P I(T)

keDw(T) 7=0 ec{0,1}¢ 7 E€Ppart ({1,...,d}) Aerm
le|=j
and
WY Y Y o) - [ Y 1) [] Do
keD,, (T)8 7=0 ec{0,1}¢ Pul(T)® rePpare({1,....d}) Aer

le|=j
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Proof. We only prove (10) as (11) follows in the same fashion using [Dy,](T)¢ = Ukep, (e k. k+1). To
prove (10), we use (9), which immediately yields

/ > F D (g(x)) T] DAg(x)dx = / 87d(f 0 g)(x)dx.
(D )(T) dq

TE€Ppart ({1,...,d}) Aer [Do](T) Oxy -

Now, we use the fact that [D,}(T") = Uyep, () lk, k + 1) and that [k, k + 1) are disjoint and to conclude

ad
o1 -+ Ox d
/[kk+1) 8x1-..axd(f°9)(x) X

k141 ka+1
S [ s eai
keD(T) ' F1 ka Td

Z Z Z D4 (f o g)(k +e).

k€D, (T) j=0 ec{0,1}¢
le|=j

ad
_/[ il m(fog)(x)dx

KED,, (T)

Above, the last equation is easily seen by induction on d using the fundamental theorem of calculus. |

An immediate consequence of this result is the following one, which is essentially a generalisation of [11
Lemma 2.1].

Corollary 1. Let w € R and T > 0. For f € C*R) and v € R? we have

d
DI ((k - . (D (~ . x)dx.
> 38 cosera - [ s

k€D, (T) j=0 ec{0,1}¢
le|=j

Proof. We use g(x) := gy(x) = v -x in Theorem 2. For this specific g we observe that for all 7 €
Poart({1,...,d}) with m # {{1},...,{d}} = 7" we obviously have at least one A € 7 with at least two
elements meaning particularly D4g(x) = 0 and hence

H DAQ'Y(X) =

Aem
For the remaining partitioning 7* we obviously have
i 5 d
A
L[ Do) =11 5, 000 = 11
Aen+ j=1 j=1

Inserting this into (10) gives the stated result. O

As mentioned above, the result above is a generalisation of [11, Lemma 2.1]. The result itself (with D,,(T)
replaced by Dy, (T)%) and ¢ = —1 and v = w = a is as follows.

Corollary 2. Letw € Ri and T > 0. For ¢ # 0 we have

:&

(12) G.(w,T,d,~) := Z exp(cy -k

exp(cy - x)dx.
keD,, (T) le (1- eXP C%)) /[Dw](T)



Proof. Setting f(z) = fe(x) = exp(cz) in Corollary 1 and using féd) (v-x) = c?f.(v-x) yields

c? i X)dx (d) x)dx
HW /u}m (v x) H / f (v-x)
= > Z S ()M ((k+e) )

k€D, (T) =0 ec{0,1}¢
le[=3

- Z Z Y D)Lk ) fele-)

k€D, (T) =0 ec{0,1}¢
le|=3

d
k][> Y (~)f(e)

k€D (T) 7=0ec{0,1}¢
le|=j

d
e |3 (e
i=1

J=0ec{0,1}¢
le[=3

Next, for Z = {1,...,d} and arbitrary x € R? we have the identity

09 Mo+r=Y Tn=3 ¥ I=

€T JCTieT j=0 JCT ieJ
|T|=3

Setting x; = — f.(v:¢e;) and noting that we have for each J C T exactly one vector e € {0,1}% with ¢; = 1
fori e J and e; =0 for i € J we see that f.(yie;) = fe(vi) if i € J and fe(vie;) =1if i € J. Hence,

0t =3 S 0/ [

i=1 j=0e€{0,1} i=1
le|=y
This altogether gives
d d
cdHVj/ folv - x)dx = (-1)¢G wTd'yH 1= fe(v5))
j=1 [Du(T) j=1
and hence .
Ge(w,T,d,vy) = / fe(v - x)dx.
U fc () Jpyry

O
As mentioned above, the previous result also holds with D,,(T") replaced by D, (T)¢. However, later on,
we need a more general result for this situation, which we will provide now.
Corollary 3. Forc<0, w,y €RL, pe N and T > 0 let
(14) GYw,T,d,v,p) == Y KkPexp(cy k).
keD,, (T)°
Then, provided that |c|y; > log(2)p;, 1 < j < d, we have the upper bound
GE(W,T7 d,v,p) < |C‘d02 /W xP exp(cy - x 1;[ ('yj + cgcj> X,
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and the lower bound

GE(w,T,d,fy,p) 2 |C\dC1/ xP exp(cy - x H (% + ) X,
w ot cx;

where the constants C1,Cy > 0 are defined as

-1 1
d d
H ) and Cy = H(l _ eC'Yj-HOg(Q)pj) ’
j=1 i1
and where
(15) we= | [kk+1)CD)DE
keD,, (T)CNNd

Proof. The assumptions ¢ < 0 and ~ € R‘_f_ ensure that all sums and integrals are well defined. We will use
Theorem 2. However, we have to modify it accordingly. We first note that indices k € Dw(T)C which have
a zero component do not contribute to the sum GE (w,T,d,~, p). Hence, we have

Gg(vav d7'77p) = Z k? exp (07 : k) :
keD,, (T)CNN
For this reason we also have to alter the volume over which we integrate. Instead of using [Du,](T)G we have

to use the set W defined above. Then, obviously, the proof of Theorem 2 yields

(16) 3 Z S (-1 f(g( / Z 71 (g(x)) T DAg(x)dx

keD,, (T)6NN4 7=0 e {0,1}¢ T€Ppart ({1,--,d}) Aem
le[=j

Next, it suffices to require only g € C4(R%) instead of g € C?(R?) as we only use arguments with positive
components. Hence, we set again f(z) = f.(r) = exp(cz), * € R, but this time g(x) :=~v-x+ ¢ 1p-log(x)
n (16), where we use the notation log(x) := (log 21, .. .,logz4) for x € RY.

For the right-hand side of (16), i.e. the integral, we note, as in the proof of Corollary 1, that the
only partition m of Z = {1,...,d} that has non-vanishing derivatives D4g(x) with A € 7 is given by
7 = {{1},...,{d}} and for this partition we have

d

I %00 = [T o0~ 11 (3+ 22)

Aem*

Thus, with this g and with f = f, the right-hand side of (16) gives

/ Z £ (g(x)) T Do dx_/ 17D (g(x)) T Do

TEPpart ({1,...,d}) Aem Aem*

(17) = / A rag( H (% + ) dx = /W xP exp(ey - x 1;[ (c% )dx

using f.(g(x)) = fe(v-x+c 1p-logx) = xP exp(cy - x) in the last step.
For the left-hand side of (16), i.e. the sum, we use f.(g(k+e)) = exp(cy-k) exp(cy-e)(k+e)? and derive
8



Z Yo (DM flgkte)= > Z ST (1) expley - k)eT 0 (k + €)

keD,, (T)8NN j=0 ec{0,1}¢ keD,, (T)8NNe =0 ec{0, 1}d
le|=3 le|=j
d d e\ P
= (—1 d kP k 1 ~r cyieq
ot Y wenerY ¥ o I[((1+8) )
keD,, (T)CNNd J=0ec{0,1}¢ i=1
le|=j
(18)
d d pi
)Y Keper BY YD H( ( ) )
keD,, (T)CNNd J= Oee{o,1}dez -
le|l=5 *

Pi
At this point, we can again use (13), this time, with z; = — (1 + z—) e®%i¢ . This yields

d d 1\ 7 d 1\~
YT H 1>(1+> ecwH(1<1+) )
J=0ec{0,1}¢ 1‘ -1 ki Jj=1 ks

le|=j

Inserting this into (18) and equating the result to (17), we end up with

(—l)d/W P exp(cy - X) f[ (W + Z) ix= Y KPexp(ey- k)ﬁ (1 - <1 + klj)pj eCW> .

Jj=1 keD,, (T)CNNd Jj=1

Furthermore, we observe for k;, p; € N that
1 Pj
1— etloe)p; <1 (1 + k) el < 1 — e, 1<j<d,
J

and the lower bound is positive as long as |c|y; > log(2)p;. which gives the stated bounds with the stated
constants. (]

In the proof of the last corollary we have not only derived upper and lower bounds on the sum GE (w,T,d,~,p)
but have actually given an integral representation of the sum, which might be useful in other applications.

In any case we have represented sums of the form (8) as integrals over simplices. In many cases it is
possible to further simplify such integrals and to reduce these multivariate integrals to univariate integrals
by employing the Hermite-Gnocchi theorem for divided differences [vg, - - - ,v4](f) of a function f, which can
be found, for example, in [3, Thm. 4.2] and which gives for f € C?(R) the identities

d
19 ool = A KR SCIAERI
1 j=1

1-t; j 1 tj
// / Fo %+Z — ) | dta- - dtadty.

This allows us to express specific multivariate integrals, namely those on the right-hand side of (20), as divided
differences. For divided differences there are, however, other explicit formulas available. For example, from
[14, Eq. (A.5)] we have the explicit representation

(20)

K

K
« (0% 1 a (X
(21) [got T (f) = Z ~ o H (v — J+1D)
k=0 j=0
T2k



Here, the term ’y}lﬁl in the divided difference means that v; appears o; + 1 times within the bracket. This
also leads to an explicit representation for the function f.(z) = exp(cx), see also [18, Eq. (14)] for the case
¢ = 1, which also follows directly from [3, Cor. 4.5]:

d
(22) 0,e,2, ..., de] (fc):;!(fc(i_l> .

Another way of expressing divided differences uses the Peano-kernel representation. Defining the compactly

supported B-splines

d—
M (s[0,71,---,7a) == d[0,71,- -, 7a] (- = 8) 1,

the Peano-kernel representation is given by

(23) o2l () = [ MGt 7) PO 00

see, for example, [8, Eq. 47 & 48]. Combining (23) and (19), where we also set vy = 0, gives the identity
(d) 1 @
(24) f (W'X)dxz[of}/la'--vfyd] (f):E M(Sma’hv"')’yd)f (S)ds
£1(1) - JR

for integrals of ridge functions over simplices. This, however, can be used to establish the following result.

Proposition 1. Let w € Ri, v € R‘éo, ceR and T > 0. Then,

d
1
(25) / exp (¢ - x)dx = T? wt] = / M <s
£ (T) E J d! Jr

Proof. We use again the notation f.(z) = exp(cz). Then, a simple variable substitution yields

- g
fe(v-x)dx = / exp eyjx; | dx =19 wit / exp | Ty —z; | dx
/aum ’ £ulT) z_: " 1:[ ’ gw' !

0, ﬂ, ce %> exp(cT's)ds.
w1 wq

d
= T4 H wj_l / fer (B -x)dx
j=1 51(1)

with 8; := Z—; for 1 < j < d. Now, we use (24) to derive

—d
[gw@egac = @ [ Qe xae= 00 (110680 1 6)ds
&1() £1(1) : R

(26) = %/RM(SK),ﬂl,.-~,ﬁd)ch(s)ds'

A special case of Proposition 1 is essentially [11, Prop 2.3], which we will rephrase as follows.
Corollary 4. Let w € R‘L ceR and T > 0. Then,

d

~ 1 T
(27) /g(T)exp(cw-x)dx: ijl m/o s? 1exp(cs)ds.

Jj=1

Proof. We choose v = w in (25). Using the same notation for multiple entries as in (21), the involved Peano
kernel has the property

d—

(28) M(s]0%+17919) = d(j B

1N i
)5 = )

10



Using this for j = d in (25) yields

1
exp (cw-x)dx = T¢ wit —/MsO,l,...,l exp(cT's)ds
AR [Ter" | 5 [ mate) ) exp(cTs)

d 1 1
H wj_l a= / s Lexp(cT's)ds
~Jo

d 1 T
= H wj_l a=n / 5771 exp(cs)ds.
"Jo

Another consequence is the following result, which was also proven in [11, Eq. 211] in a different way.

Corollary 5. Forc <0 and w € Rfl,_ and T > 0 we have

oo

d
(29) Z exp (cw - k) < (d—l 0 H ! / t4= 1 exp(—t)dt.

k€D, (T)° j=1 (1 —exp(ew;)) J-er

Proof. Using the substitution ¢ = —cs in the integral on the right-hand side of (27) yields

_ : 1 1 —r d—1
(30) /Jw(T) exp (cw - x) dx = Jl;[l Cow | @=1) /0 t7 exp(—t)dt.

Next, (12) with v = w gives

. = lim ()T — % :
Z exp (cw - k) Th_r}réo( c) ]1;[1 = explay)) /[Dw](T) exp(cw - x)dx

d
H = eXp ij)) ~/]Ri exp(cw - x)dx

J:1

d 1
=11 (1 — exp(ew;))’

Hence, using (12) with v = w again and the above result shows

0 < Z exp (cw - k) Zexp cw - k) Z exp (cw - k)

keD,, (T)C keNd keD,, (T)

d
—(—¢)d Y% exp(cw - x)dx
T R A § Ny /[MT) plew - x)d

Jj=1

! 1- H(fcwj) exp(cw - x)dx

(L -explew;) | 1Y [Du)(T)

a |l 1Y
— —

Since 1 — exp(cw;) > 0 for ¢ < 0 and w; > 0, we can conclude that the last term in brackets has to be non-
negative. Hence, we can further enlarge it using (4) and (30), as long as the result remains non-negative.
11



Hence, we have

1
Z exp (cw - k) < Hm 1—4 (—cwj)/gw(T)eXp(cw-x)dx

keD,, (T)¢ j=1 j=1
1 1 T
- o= (1 @), exP(‘“‘”) |
Next, we observe
I'(d) 1 /°° -1
l=—==——— s exp(—s)ds
(d)  (d=1!Jy

which allows us to conclude

Z exp (cw - k) < ! : ! /OO Y exp(—t)dt
et S0 0 ep(ew) Lo |
|
Yet another immediate consequence is the following classical result for the volume of a simplex.
Corollary 6. Let w € R‘i and T > 0. Then,
d Td
(31) vol (Eu(T)) = [ [Jw;" =
j=1
Proof. Take the limit ¢ — 0 on both sides of (27) and observe
T T d
iii%ﬁ/o t4= Y exp(ct)dt = (d_l ol /0 sd1gs — %
|

We also need integrals of the following form, where we integrate over the complement of &,,(T") given by
E(T)E =RL N\ EL(T) = {x € RE, : w-x > T}. Estimates for such quantities can also be found in [24]. But
their estimates work in a different way. We point out that our approach seems to be more flexible and, in
principle, allows us, at least in certain special cases, even to derive equalities instead of only upper bounds.

Lemma 1. Forc <0, pe Nd, w e Rff_ and T > 1 we have
/ xP exp (cw - x) dx < TPl exp(eT)w™(PHY) / xPexp (¢ (||x|l1 — 1)) dx.
£ (T)E £1(1)¢

Proof. Again, the change of variables of the form z; = Ty;/w; , 1 < j < d, yields

d d
/ xPexp (cw-x)dx = T¢ ij_l / TlPlw=PyP exp CTZZUJ‘ dy

Eu(T)C j=1 E1(1)E j=1
d
E1(1)C j=1

d

Td+‘p|exp(cT)w_(p+1)/ xPexp | T Za:j—l dx
£1(1)C j=1

< Tl exp(cT)w_(P+1)/

d
xPexp | ¢ z;—1 dx,
E1(1)C ;

where the last step is valid for ¢ < 0, T'> 1 and 2?21 x; —1 > 0. This also guarantees the existence of the

last integral. Finally, as x € R%m we have Z?Zl x; = ||x||1, which gives the statement. O
12



3.2. Bounds on the Cardinality of the Index Set. The considerations so far allow us to give upper and
lower bounds on the number of multi-indices contained in D,,(T), see also [19, Eq. 5.14], [11, Lemma 2.8]
and [4].

Corollary 7. Let w € R‘j_ and T > 0. Then,

d

d
(32) I_IW*1 ?S#'D w(T) < 1:[1“};1 %

Proof. The inclusions given in (4) and the relation from (5) immediately yield vol (E,(T)) < #D,(T) =
vol ([Dy,] (T')) < vol (€ (T + ||w]|;)) , which gives together with (31) the stated inequalities. O

Finally, we are now in the position to bound the number of indices in Z,, (¢, d). The following result can
also, albeit with a different proof, be found in [16, Remark 3.7]. It is a direct consequence of (32) and the
relation (6) between D, (lwmin) and Z,, (¢, d).

Proposition 2. For ¢ € N and for w € Rd the number of indices in T, (¢,d) can be bounded by
d d
(lwmin + [lwll;) Wl

d! J
=1

(gwmm

(33) Hoﬂ < H#L(0, d) = #De, (lwmin) <

From this, we can also dlrectly see that

d
(n) (14 420 ) < (i + o) = (i) (14 1)

Wmin gwmin

and hence for £ > H"’Hl that
(éwmin)d S (zwmin + ||w||1)d - (&Umin)d 2da
which has also been observed in [16, Remark 3.7].
3.3. Estimates on the Number of Grid Points. After estimating the number of indices in Z,, (¢, d), we
proceed now with the main task of bounding the number of points in our sparse grid (3), i.e. in

— — —(1 —(d
=2d:= |J == |J =Vx-x=?
AETw (L,d) AeTw (4,d)

From this representation and the definition of 7, (¢, d) we immediately have (see also [12, Eq. 24]) that

d
(34) #ES(d) = > #EX< D> #EX< > [N

AETw (L,d) AEZ., (£,d) AET, (£,d) j=1
if N (j)()\j) denotes the number of points in Eg\jj) To employ this bound further, we need to make some

assumptions on the asymptotic behaviour of the N (j)()\j).

3.3.1. Bounds in the Situation of Linear Oversampling. Here, we mainly follow [12] Throughout this sub-
section, we will assume that w € N and that the number of points NU)();) of Ef\j is of the form

(35) N = A + by,

with a given number b; € Ny, ie., we consider linear oversampling. A more general choice would be
NO(\;) = aj); + b; with a; € N. However, as we have

d
b‘
HNm | (0 Haj 11 ( )
j=1 j=1 aj
we can simply choose a; =1 for all 1 < j < d without restriction. Then, we have
d d d
[IN@Q H (A +b5) = [J exp (log (A; +b;)) < [ [ exp (Nlog (A, +8))1)-
j=1 j=1 j=1 j=1
13



Hence, if we define v; := [log (A\j +b;)], 1 < j < d, then this implies

d d

H ND(\)) < H exp (vj) =exp(v-1).
j=1 j=1
Moreover, A € D,,(T)and w € N9 leads to
d d d
v-1 > i1V < > =1 (log (A; +b;) +1) < > ;-1 wjlog (A; + ;) i1
= d = d = d
d d
< log (Zj—1 wj (Aj + bj)) 1< log <T+ Py wjbj> 11
— d - d )
Zj:l Wy j=1%j

due to Jensen’s inequality for the concave function x +— log x. This means in particular that A € D, (lwmin)
implies v € D1(S) with

min : b
(36) S = ||| (log (M> + 1) .
lwl|x

This gives us the bound

d
22(4,d) < Z H N (A Z exp(v - 1).
( Jj=1

UE'D1(S)
If we now apply (12) by setting w there to 1 and with c=1, v =1 and T = S then we find

Z exp(v-1) = (e— 1)_d/ exp(1 - x)dx < (e — 1)_d/ exp(1 - x)dx
veD1(S) [D1](S) E1(S+|lwl1)

1 S+|wll i .
= —(e a1 /0 s exp(s)ds,

using also (4) and Corollary 4. The integral on the right-hand side can further be bounded using the following
lemma.

Lemma 2. Let d € N. For T > 0 we have

/T exp(s)s?tds < exp(T)T%71,
0
and for T > d we have
(37) /00 s L exp(—s)ds < dexp(—T)T% 1.
T
Proof. The mean value theorem guarantees the existence of a & € [0, 7] such that

T T
/ exp(s)s?~tds = ¢3! / exp(s)ds = €47 Hexp(T) — 1] < T Lexp(T),
0 0

which gives the bound for the first integral. The second bound was given in [11, Lemma 2.5]. ([l

The first result of this lemma hence yields

e 1 S+{wll 1
2EU,d) < Z exp(v-1) < (e—l)d(d—l)'/ s exp(s)ds
veD1(S) *J0
1
(e —1)d(d—1)!
Recalling the definition of S from (36), we have proven the following result.
14
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Lemma 3. For w € N¢ and under the Assumption (35) on the the number of points in the grids Egi_), the
number of points in the anisotropic tensor grid E% (¢, d) can be bounded by

d—1 d—1 H“’”l
E® < eXp(2Hw”1)HwH1 1 gwmin +w- b 9 gwmin +w - b
oD <= Naa oy 8\ e [l :

Another direct consequence of the above considerations is the following one, which simply follows by
setting b; = 0,1 <7 <d.

Corollary 8. Let A = 7,,(¢,d) with w € N? and £ € N. Then,

d 2l o 41 o a1\ 1l
Al — )\ S e—l log ( min + 2) ( m1n>
Z Z H 7 (e —1)d(d —1)! llwll1 wlly

AEA AEA j=1

= C(w,d)l1 log(fwmin + [lw][1)]*".

3.3.2. Bounds for Ezxponential Grids. We now want to bound the number of points in Z& (¢, d) if the number
of points in the univariate grids EE\JJ ) grow exponentially. Hence, we now make the following assumption.
Assumption 3. There exist universal constants C1,Cy > 0 and for each 1 < j < d there is a constant

1; > 0 such that the cardinality NG (k) of E,(j) satisfies

(38) 127k < NU)(k) < Cy21F

foralll <j<dandk € N.

Proposition 3. Let w,n € Rff_ and let aj == wj/n;, 1 < j < d, and let amin = mina;. Then, under
Assumption 3, the number of points in 29 (¢, D) can be bounded from above by

d -1

— Cdlo 2 d_lamin a; w Qi — WOrnin | Qo
e T | E e

Jj=1
— C(w7 a)gd_l 2éwmin/amin .

Moreover, if 1 < j* < d is an index for which wj» = minw; = wmin holds, then the number of points can be
bounded from below by

E8(¢,d) > Of 2l gbwmin/ajr
Proof. We start with the upper bound. Using (34), (6) and Assumption 3, we can conclude that
d d
=d < Y [NV <o Y Je2v
A€TZ, (4,d) j=1 A€Z, (4,d) =1
<o Y med ¥ e
AEZ, (Z,d) A€D,, (waxxirl)+{1}
= Cg 9limlh Z 9MA
AEDN(ZwmiD)
d n;
= Cd 9limlh log(2)? T —2— / 2N X Iy
jI;[1 2 —1 [Dw](zwmin)
d "
(39) < cdomhiog2)? TT —2— / M dx,
jl;[l 27 =1 Je, (tumintllwl)

where we have also used (12) with ¢ = log(2) and ~ replaced by 1 and [D,,](T) C Eu (T + ||w||1) from (4).
So far we have not yet employed the connections between w and n given by 1, = w;/a;. This yields
d a4
n-x= Z%’Ij = Zgjwjxj <
Jj=1 Jj=1
15
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which leads to

1
wjo; 1
; )
YT / 2 min T dx,
Wil — 1 E (bwmin+|w|l1)

Next, we can use Corollary 4 with T = lwpin + [|w||1 and ¢ = log(2)/amin which gives

/ 1 1 ﬁ . lwmin+|lwll1 i1
2emin Y dx = w; / st exp(s1og(2)/amin)ds
Euw (Ceomin-+lwln) d=1t =27 Jo

For the latter integral, we can use the upper bound of Lemma 2 in the form

#EE(0,d) < CF 2lwlr/amin 1og(2 dH

Td—l

T
/ s T exp(cs)ds < exp(cT)
0

with T = lwpin + ||w|l1 and ¢ = 10g(2)/amin to derive

Zwmm+H“-’”1 .
/O gd-1 exp(s10g(2) /amin)ds < (Cwmin + ”le)d—l %Q(Zwmmﬂ\w\h)/amm'

Inserting this back into the previous estimates gives the stated upper bound on #Z& (¢, d).
For the lower bound on #Z& (¢, d) we note that

*=14tle=(1,..., 1,0+ 1,1,... . )T € 7,(¢,d) :Iw(&d)\l'<€— M,d) ,
since we have on the one hand (v* — 1) - w = lwpmin < lwnmin implying v* € 7, (¢, d) and on the other hand
(v* = 1) w = lwpin > lwmin — ||w]j1 implying v* € Z(¢ — ||w]|1/wWmin,d). This gives the obvious bound

#ES(0d) =# |J EX=#E=0 = HN ) > ¢ glnll gtn;e

AETw (¢,d)

where we have used Assumption 3. The lower bound then follows from n; = w;/c; and the choice of j*. O

This shows in particular log, (#Z2 (¢, d)) > logy (C§21MI1) 4+l /aje or
£ < O(d,w, ) log #32(6,d),

taking also the connection between 1, & and w into account.

4. SAMPLING INEQUALITIES

After deriving bounds on the number of points in the anisotropic sparse grid =& (D, £), we will now proceed
to state and prove sampling inequalities on =% (D, ¢). These sampling inequalities are proven by employing a
Smolyak construction and by comparison to best approximation processes. Hence, we will start this section
by discussing univariate operators and then proceed to the Smolyak construction in a rather general way
before we will state and prove our sampling inequalities.

4.1. Univariate Quasi-interpolation Operators. In the following, we will consider univariate or multi-
variate spaces of low dimensions and associated quasi-interpolation operators.

As outlined in Section 2 we let QU) C R”J’ be a bounded domain with a sufficiently smooth boundary. For
two normed spaces H% (QW)) C 1 (QV)), with HP (Q0)) C C(QY)) we consider the embedding operators

19 1B (QU)) — H (W),

Usually, H% (Q)) will be a Sobolev space of order B; but, for the time being, it can also be a more general
space. Furthermore, for each j we consider a nested sequence of linear subspaces

o=n cn? c...cu? cn¥) c...cHh @)
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and denote the dimension of Hl(cj ) by MW (k) := dim H,(Cj ), yielding a non-decreasing sequence MU) : Ny —
Np. With these finite dimensional spaces come best approximation operators Al(g ) e (Q(j)) — H,(f ) -
H* (QU)) defined by

[ arg min [f = pllye; o) -
pelry”

For simplicity, we will denote the restriction of ,A,S to the subspace H% (QU)) again simply by A(J ). We will
assume that these restrictions provide good approximations to the embedding operator and that we have a
quantitative error bound of the form

(40) [ - A2 <plesk),  keN,

HPI (QUW)) > HY (D)

with limg o p(a; k) = 0. This directly yields a density result of the form

(41) lim [ — AP

k—o0

HP5 QD) H (W)

i.e., we have that {1'[,(5)};C is dense in H% (QU)) with respect to the H% (QU))-norm. Furthermore, if we
additionally set Aé] ) = 0 then we can rewrite the approximation operators using the difference operators
Ar(AD) = AV — AD 948 (QWD) -5 Ho(QU)) as

J
AL(]j) _ Z (Al(cj) _ ‘Al(cjzl) Z A(J))

k=1 k=1

<

and observe that, with this notation, (41) yields

(42) W) — hm A(J) ZAk ALY,

Next, for each j and each k € N we fix a sequence N () : Ny — Ny and consider a family of discrete nested
sets of points = H(J) {51 [ ,§§ézj)(k)_k} C QU for k € N with E,(cjzl C E,(c]) and Egj) = (). Based on these
point sets, we con81der quasi-interpolation operators (see also [16, Eq. 2.5])

N (k)

oY) ey @), feQ(f Z FES) D

where (bfjl € C(QW) for 1 <n < NW(k) and k € N are given functions. Furthermore, we define Qéj) = 0.
Again, we will interpret Q;Cj ) as operators Q;f ) e QW) — N (QW). The corresponding difference

operators are again defined for k € N as Ay (QW) := Q,(j ) Q,@l. The same telescoping sum argument as
above shows that we can recover the quasi-interpolation operators from the difference operators via

(43) Q) = (@7 = ) + (@2, = @) + -+ + (@ - @) = S A
k=1

We assume that these quasi-interpolation operators Qgcj ) are also exact on the finite dimensional subspaces
9 € 1A (QU)) C C(QW), ie. that they satisfy

‘ N(j)(lc) ‘
(44) o)) = > pElDe(x),  xzeQY, pemny.
n=1

17



For a function f € H% (Q1Y)) we have A,(Cj)(L(j)f) € Hl(c) showing Q(J)( j)(b(])f» = A,(Cj)(L(j)f) so that this
directly gives rise to an error estimate of the form

|aa- o n)| < |[ad = @) [{9f = AP + AP (O 1) |

HET QW) HI(QW))
=|Jaa- o [0 AP0 }HH o)
= (1 + HQ’(“j) HOG QD))= H Q<J>)> ( (j)f)HH“j(sw))
< (1 + HQJ(CJ ) H QD) H (Q(]))> pla HUHH/*J(Q(n) )
which is of particular interest as long as the Lebesgue constant HQ H remains bounded

HI(QE))>HYT (Q)
or at least controlable as a function of k.

4.2. Tensor Products and Abstract Sampling Inequalities. After looking at essentially the univariate
case, we will now turn our attention to the multivariate case by employing tensor products and the Smolyak
construction. Based upon this, we will give a first abstract sampling inequality. Using the notation provided
in the last sub-section, we start by introducing tensor product spaces, see also [2] for more details,

®’H,51 ) SH*(Q®): ® M (9

Based on a finite monotone set A C N?, we can define Smolyak’s formular for a general sequence of operator
B= {BE\JJ_)}, where the indices satisfy 1 < j < d and XA € A and where BE\]j) s HY (QU)) — He (QU)), as

d
(45) SY(B) = ANB®) =Y (R) Ay, (BY) : H*(QP) — H*(Q).
AcA XeA j=1
As in the previous section, we will denote the restriction of S§(B) to HP (%) again simply by ST (B).

Applying this to the family of operators A = {A,(cj )} from the last sub-section and using (42), we can
directly derive the identity

=" AN(AP)

AeNd
for the embedding operator (2 : HP(Q%®) — H*(Q®).
Furthermore we have by (44) that the quasi-interpolation operators Q;] ) are exact on H;f ). As the the

spaces {H }k are nested, we can derive from [7, Theorem 3.2] that the space II§{ on which Smolyak’s
construction is exact, i.e. on which we have

- Y A@0 = X @@ = Y @ (o)) -2 ) =

AEA A€A j=1 A€EA j=1

for all p € TI satisfies

d
(46) U@uny cng.

A€EA j=1
From the definition, we have
(47) 1 = SP(A) = Y ANA®)  HP(Q®) - HX(Q®).
AEAC

18



In order to derive explicit bounds, we can reduce this to the component case via

[+ _S%(A)Hﬂﬂ(ﬂwaﬂa(()@) = Z AN(A
AEAL HB(Q®)—He (D)
< Ax(A®) H
- )\%} H A(A HB(Q®) s H(Q9)
5 3} || A

Compare also [6, Remark 2.3] for a result for polynomial interpolation and [21, Theorem 5.2] for numerical
quadrature. For f € HP(Q®) this gives, as in the univariate case, directly rise to an error estimate of the
form

H(Id - S%(Q))(Légf)”?-ta(()@)

< [ =53(Q) [1®f = SF(A)® f) + S5 (A ]300 20
= || =8§(Q)) [+*f = SRA)E D] [l 30002

< (14 1SR(Dlygm oy ) 145 = SR D e e
<

2 (@)
(1+ ISX( HH&(Q@)—>H&(Q®)) gcjl_[lHAA (A )HHBJ(QU))%H o (@) [ 3e (@)

This immediately allows us to conclude a general, abstract sampling inequality.

Proposition 4. Under the assumptions made throughout this section, we have for f € HP(Q®) the abstract
sampling inequality

HL®fH7-L°‘(Q®)

< (1 + ||SA ||H°‘(Q® —SH>(Q® ) Z H HAA H'Hﬁj (QU))—=HY (QG)) ||f||HB(Q®)
AeAlj=1

+[ISR(Q 2 £) e @)
Proof. This simply follows from the considerations above and

HL®f||7-L°‘(Q®) < HL®f - S%(Q)(@f)nﬂa(g@) + ||S%(Q)(L®f)”7{a(n®) .

Note that the bound in Proposition 4 can further be bounded by employing
ISR(Q) (L F) = (@) < [ISF ()l (@) ma @) 1% f |l 1y e -
However, as we will see in the next sub-section, there is a better estimate in specific situations.

4.3. Specific Sampling Inequalities. We will now apply the results of the last sub-section to derive
specific, more concrete sampling inequalities. To this end, we will make some additional assumptions and
specifications:

e The function spaces H% (QU)) are given by H (QW) = C,(QV)) for 1 < j < d. The function
spaces H% () can either be H%(QW) = CJ(QU)) or HA (QU)) = HA(QW). Though, in
pr1nc1p1e other tensor product spaces are also possible. In the case of Sobolev spaces, the embedding
HP5(QU)) C Lo (W) will be satisfied by the Sobolev embedding theorem, which we, from now on,
will implicity assume to hold.

e We will assume that the underlying monotone set A is of the form A = Z,,(¢,d) with w € ]Ri and

feN.
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o We will assume that the univariate grid {Efj )}k are nested and their numbers of points NU) (k)
satisfy Assumption 3, i.e. we have C127% < NU)(k) < 032%%. The latter is only required when
expressing the bounds in terms of the number of points rather than in the threshold /.

When employing Proposition 4, we need to find bounds on the three expressions

(48) IS} (D Lo @®) @2y, IST(Q)(® Pl Lo @2)s
(4)
(49) Z HA)‘ H?—Lﬁ(ﬂ‘g’)—>L (Q®) — Z HHA)‘ A )HHﬂJ(Q(]))HL (Q(]))
NI AeAtj=1

The second term in (48) can obviously be reduced to the first term. However, by the following observation
a more sophisticated bound is possible. As each operator Q(J ) requires only the values at the points _E\JJ ) of
the function it is applied to, the operator S§(Q), when apphed to 1@ f with f € HP(Q®), requires only the
values of f at the grid Z8(¢,d), see also [16, Page 2419]. In particular, if two functions f and fhave the
same values at Z2(¢,d) they satisfy S¥(Q)(:2f) = SP(Q)(1?f). Hence, for a given f € HP(Q®) we may
choose f € HP(Q®) with f|ZE((,d) = fIE2(¢,d) and |\L®f||LOO(Q®) = ||f||éoo(5®(€,d))' This shows

ISR(QCE lze@e)y = ST Hllroioe) < ISF (Do i@e)srn @) Fllro o)
= IIS%(Q)||LOO(Q®)_>LOO(Q®)Hf||zm(5®(e,d))v

so that we indeed only have to determine an upper bound on [|S¥(Q)|1_ (@®)-1.. (o®) and on the term in
(49). The general bound in Proposition 4 hence becomes

® 9 A®
||L fHLOQ(Q‘XJ) = (1 + HS ||LOO(Q®)—>LOO Q® ) Z ||A>\ )HHE(Q@)—)LOO(Q@) £ 120 22)
AeAL
®
(50) + ||SA(Q)HLOO(Q®)—>LOO(Q®) Hf||€oo(5§(l7d))'
To achieve this, we need to make some more assumptions on the families of operators Q and A. Hence, from

now on, we will make the following assumptions on the quasi-interpolation operators Q,(cj )

Assumption 4. There ezist a universal constant Cp, > 1 and a constant vector p € N& such that and that
the operators Qg) are bounded by

(51) Hgg) < Ok

oo(Q<J))—>Loo(Q(J))
forallk e Ng and all 1 < j <d.

Next, we assume that the best approximation operators A,(Cj ) satisfy the following type of Jackson inequal-
ity.
Assumption 5. There exist a constant Cy > 0 and constants vectors v € Rd and v € N& such that
(52) |
for allk € Ng and all 1 < j <d.

L(j) J)H < CA2 'ijk’/]
HP5 (Q0)) 5 Loo ()

Obviously, the constant v; will depend on the smoothness 3; of the Sobolev spaces H”i (Q(j)) but for
the time being we suppress this dependency. However, it is important to see the relation to the number
of points N (k) if Assumption 3 is satisfied. In this situation, we have 27% < C’;/nj [NG)(E)]~/" and
k < [log, N9 (k) — log, C1]/n; hence

HL(j A(J)H Ca2 ik < CAC;’J'/TIJ' [N(j)(k)],%./m <log2(N(J)(k))> J,

HP3 ()= Loo () uh
(53) C[N(j)(k)] ¥ /nj log"s (N(J)(k))

with a constant C' depending on 7,7, v, so that the quotient «; := 7;/n; should reflect the smoothness 3;
of the space.

IA
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Assumption 5 particularly means that we also have

”L(j) —A,(Cj)H 0, k — oo.

HPT ()= Lo (20))

Assumptions 3 and 4 allow us to bound the terms in (48). We will do this only in the two specific situations
p=v =0and p = v = 1 as they describe the most relevant cases. The first case is often a result
of oversampling, i.e. when we employ more points in our grids than necessary for reproducing the finite
dimensional approximation spaces. The second case corresponds often to non-oversampling where the number
of grid points and the dimension of the univariate subspaces coincide. Nonetheless, the techniques provided

in Section 3 would also allow us to deal with more general situations.

Lemma 4. Let A = 7,,({,d) with w € R% and ¢ € N. Assume that Assumption 4 is satisfied with p € Ng.

Then, S ()|l 1. @®)—1.. (@) can be bounded as follows.
e If p=0 then

d

(QCL) 4 Lwmin + [[w1) H -1

(54) Is2(Q "

|‘LOO(Q®)—>L°O(Q®)
j=1

e If p=1 and w € N? then there is a constant C = C(w,d) such that

(55) ISX(Q) < C(w, &)1 [log(bwrmin + [lw[l )]

HLOQ(Q@))—)LOO(Q@)

Proof. In both cases we can start with estimating

HS%(Q)HLOO(Q@Q%LW(Q@) = Z AX(Q7)
A€EA Lo (Q29)—= Lo (29)
- ﬁ (V- ol
AeA =1 ' . Loo (29) = Lo (Q9)
d
) _ HU)
< Z H HQ/\]' Qx\rlHLx(mm)_,Loc(Q(ﬂ)
A€A j=1
d
< > T [X + (= 1))
€A j=1
d
< Co Y T - oy Y
AEA j=1 AEA

In the first case, i.e. if p = 0, we can conclude

d
(201)1#A < (2C1)" —(&"‘“‘””‘”” H

[s%(Q HLOO(Q®)—>LOO(Q®)

where we have used (33). The case p = 1 follows directly from Corollary 8.

O

Next, we need to bound the term in (49), i.e. the sum over the norms of Ax(A®). This can be done as

follows.

Lemma 5. Let A = 7,,(¢,d) with w € R% and ¢ € N. If Assumption 5 is satisfied with v € RS and v € N3

then

d
(56) Z HAA(A@))HHE(Q@HLOO(W) H [1+27%] Z exp(—log(2)y
ACEAL j=1 AEDw(Zwmm)c
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Proof. We first bound the summands directly, using Assumption 5 as follows:

||A>\(A®) ||7—L/3(Q®)ALOO(Q®)

d
< (4) H
- H HA’\ (A7) HPG (D)= Loo ()

I
=1
kS

@) _ 2@ ’
X A HP5 ()= Lo (20))
Jj=1
- (4) (4)
< il T
- H{HAAJ s @)L @) Ax-1 e P (QU)) 5 Log ()

<
Il
—

IN
:&

[CAz—%mj.f 27D — 1)%}

<.
Il
—_

IN
E@..

{CA(l +27% )2*%’(}\]-71)/\?}

j=1
d d d
= Cj‘i!H 1+2 VJ H [2 i )\'—1))\”;:| = H ]__|_2 'YJ 2= ¥ (A= l)Au
j=1 j=1 j=1
Hence, we have
Z HA)‘(A(X))HHB(Q@HLQC(Q@) - Z ||A>\(“4®)HHB(Q®)—>LOC(Q®)
AEAC Ae(D (Pwmin)+{1})C
(57) < CAH (142°%) 3 o= (A=1) \¥

J AE (Do (bwmin)+{1})8

> 27+

AEDy, (bwmin)C

= 4

<
—

1
[1+277%
[

]
= 04 H 14 27%] Z exp(—log(2)y - A)(A + 1)*.

d
d
= AEDw (bwrmin)C

<.
=

]

Note that we have v; > 0 and hence 1 +277% < 2 for all 1 < 5 < d so that we could bound the remaining
product by 2¢.

Next, we need to bound the final sum in the statement of the last lemma. We will do this only in the
special case of a weight vector w chosen as w = =, where ~ is the vector v = (71, ...,74)7 from Assumption
5. Moreover, we will discuss only the cases where v from Assumption 5 satisfies either v = 0 or v € N¢. We
start with the former.

Proposition 5. Let A = Z,,(¢,d) with w € RS and £ € N satisfying ¢ > d/(wmin log(2)). Let Assumption 5
with v = w and v = 0 be satisfied. Then,

Chdlog(2)?1 (14 2 wmin "
® A d—1 pd—10—Lwmin
§: HAA(A )HHB(Q®)HLOO(Q®) = (d—1)! 1 — 2 Wmin Winin €77 7277mn,
AeAC
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Proof. We use Corollary 5, i.e. (29) with T = lwpin and ¢ = —log(2) and then the second statement of
Lemma 2, i.e. (37) with T = log(2)fwmin > d. This yields
d

Z exp(—log(2)w - A) < (d—l ol ]1;[1 = ;_wj) /100 57 exp(—s)ds

A€D,, (Zwmiu)c Og(2)lwmin

d
1 1
< d2 ™ min (log (2) fwpmin) 1.
- (d—l)!]l:[l(l—rwj) (log(2)fwmin)
Inserting this into (56) and using the fact that

1 + Q—UJ]' < 1 + Q—UJmin

1—-29 = 1 —2 @min’
gives the stated result after rearranging the terms. O

1<j<d,

Next, we deal with the case v € N%. Here, we have first of all the following result, which is, due to its
more general nature, not as sharp as the one in Proposition 5.

Proposition 6. Let A = Z,,(¢,d) with { € N and w € RL. Let Assumption 5 with v € N* and v = w be
satisfied. If w; > v; for 1 < j < d then there is a constant C = C(w,v) > 0 such that

Z HA"(A@))HHﬁ(Q@)—wm(Q@) < Qe g tomn,
ACAC

Proof. We begin by directly bounding the sum in (57) using Corollary 3 with ¢ = —log(2). Employing also
w = and, by (7), A = Z,,(¢,d)® C D, (T)E with T = lwmin + ||w|1, we can conclude that

S 2w 1xr < olel ST exp(— log(2)w - A)AY

AeAs €D, (T)°
d
< log(2)¢C 2““’”1/ x" ex log( ( ) dx
< log(2)'Cy | X" exp(—log(2 1;[ o g(z))xj
d
< 1og(2)d022““’”1/ x” exp(—log(2 H< )x >dx.
-1 J

w

Here the set W from (15) contains particularly only cubes [k,k 4+ 1) with k € N which means that any
x € W satisfies x > 1. This and our assumption w > v allows us first to further bound the product under
the integral by

d d d

vj 1 (1 +1og(2))
; — | < < < _—
Jl;[l (wj ’ log(2)=’fj> _]1;[1 (wj " log ) ¢ 1:[( log (2 ) =% log(2)!

This, leads then to the bound

Z 27w A= AY < Oy(1 + 10g(2))d2”“’”1w1/ x” exp(—log(2)w - x)dx.
AEAC W

As we have non-negative integrands, we can make use of W C [D,,](T)¢ C &,(T)¢ and then use Lemma 1
to derive, with T' = fwmin + |lw]1,

Z 9w A=y < Cg(1+log(2))d2”“’”1wl/ exp(—log(2)w - x)x”dx
AcAC € (T)B

< Cy(1 —|—log(2))d2““’”1w1Td+|”|2_Tw_(”+1)/ xV 2~ Il +1 gy
£1(1)8
C(v, w)dFvig=twmn,

23



At this point, we can give a first summary of our achievements. As mentioned above, we only consider
the two cases p =v =0 and p = v = 1. Again, we start with the former.

Theorem 6. Let A =Z,,(¢,d) withw € Ri and ¢ € N. Let Assumptions 4 and 5 with p=v =0 and v = w
be satisfied. Then there is a constant C = C(w,d), such that for all f € HP(Q®) and all £ > d/(wmin log(2)),
we have

(58) ||L®f”LOO(Q®) < CCgCIULZ‘KQdlewamm

Flnecsy + CCLEN o (=2 0.ay)
where C4 and Cp, are the constants from (52) and (51), respectively.
Proof. We know from Proposition 5 that

Z ||A)‘(A®>||’H5(Q®)~>LW(Q®) < C4C(wWmin, d) 4127 omin
AcAC

and, using w = v, from Lemma 4 that
[IS$( < C4O(w, d).

The statement then easily follows from (50). O

Q) HLOO(Q®)%LOC(Q®)

Before dealing with the case p = v = 1, we want to express the above result (58) using rather the number
of points N := #=%(£,d) in our sparse grid Z&(¢,d) than the parameter £. To this end, we assume now
that Assumption 3 holds and we recall that we expect a connection between the vectors v and 1 of the form
aj :=;/n; > 1for 1 < j <d, as this quotient will reflect the smoothness of §; of our Sobolev spaces, see
(53). As we also have v = w, we will make the assumption that n; = w;/a; for 1 < j < d. Hence, the
bounds from Proposition 3 can be used. We have in particular

(59) 9 twmin < Cpld=Domin y=emin  and ¢ < Clog N.
With this, we have the following final result in the situation of p = v = 0.

Theorem 7. Let A = Z,(¢,d) with w € Ri and ¢ € N. Let Assumptions 3, 4 and 5 with p =v =0
and v = w be satisfied. Let o := wj/nj for 1 < j < d and let amin := mina;. Then there is a constant
C = C(w,d, @), such that for all f € HP(Q®), B € N¢, and all £ > d/(wmin log(2)), we have

119 F 1|, ) < Cllog NP HHEDamin N=amin|| fllysa g0y + Clog N)IIf Nl (=5 (e.0))-

In the same fashion, we can now establish a sampling inequality in the case of p = v = 1. Here, we have
the following result.

Theorem 8. Let A = Z,,(¢,d) with { € N and w € N satisfying w; > 2 for 1 < j < d. Let Assumptions
3, 4 and 5 with p =v =1 and v = w be satisfied. Let a; = w;/n;, 1 < j < d. Then, there is a constant
C = C(w,d) > 0 such that for all f € HP(Q®) we have

1 fllpo ey < CONIT2Nog(lum + [[w|l1) 4 27| £l 300 o)
+ C1<h Jog (Lwmin + ||w|\1)d_1||f||zw(5§(z,d))
C(log N)lIwlli2dtamn(d=1) (155 |gg N)d—L N —min
+ C(log N)*Ih (log log NNl =8 (0,d))

IN

fllus o)

Proof. The first bound follows again from the general bound (50) using, this time, Proposition 6 and the
second part of Lemma 4. The second bound then follows again using (59), the relation between N and ¢. O

4.4. An Example. We end this section with an example, which is based on material provided in [20] and
which also explains why we are particularly interested in the cases p = v =0 and p =v = 1. We let
QU =T =[-1,1] for 1 < j < d and choose HP(Q®) to be HP(Q®) = Cf(ﬂ‘g’) with B € N9,

The univariate points are chosen to be the Chebyshev points defined by

=) _ = ) m(n—1) ) }

By =Ep=4¢,, = —cos 1 <n<myg ,
k {E ik (mk+p -1 to
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where p € Ny is, if p > 0, an oversampling offset and my, = 287771 + 1 = NU) (k) the number of points.
These sets are obviously nested. In the sense of Assumption 3 we have C; = C;(p) = 2P~ 1, Cy = Co(p) = 2P
and, most importantly, n; =1, 1 < j < d.

We choose the finite dimensional spaces H](Cj ) = Tm,—1 as the univariate polynomials of degree at most
my —1=2"1 41,k € N. Then, we know from [20] that we have operators Q,(Cj) satisfying

1+ 525 = CL(p) ifp>1,

() -
194 ety < 2log(my, —1)+1<Ck ifp=0

This means that we have, in the sense of Assumption 4, for 1 < j <d,

0 ifp>1,

Pi=1 ifp=o.

Finally, also from [20], we have a best approximation operator A,(j ) C’f I(I) = Cy(I) which satisfies

Cc2-Pik  ifp>1,

G) _ AWy p
1 = A (o < ) sk, if p=0.

In the sense of Assumption 5 we have for 1 < j < d in both cases 7; = 3; and then v; = 0if p > 1 and
vy =1ifp=0.

Hence, we can apply Theorems 7 and 8 with v = w = 8 = a@ and n = 1 for all p € Ny and the just
defined p and v.
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