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Abstract

The approximation and integration problems consist of finding an ap-
proximation to a function f or its integral over some fixed domain X. For
the classical version of these problems, we have partial information about
the functions f and complete information about the domain X; for example,
¥ might be a cube or ball in R?. When this holds, it is generally the case
that integration is not harder than approximation; moreover, integration can
be much easier than approximation. What happens if we have partial infor-
mation about X? This paper studies the surface approximation and surface
integration problems, in which ¥ = X, for functions g. More specifically,
the functions f are r times continuously differentiable scalar functions of
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[ variables, and the functions g are s times continuously differentiable in-
jective functions of d variables with / components. The class of surfaces
considered is generated as images of cubes or balls, or as oriented cellulated
regions. Error for the surface approximation problem is measured in the L -
sense. These problems are well-defined, provided thatd < [, r > 0, and
s > 1. Information consists of function evaluations of f and g. We show
that the e-complexity of surface approximation is proportional to (1/¢)/#
with © = min{r, s}/d. We also show that if s > 2, then the e-complexity of
surface integration is proportional to (1/)/¥ with

s =811 —84)
v=miny—-, ————— 1.
d min{d, -1}

(This bound holds as well for several subcases of s = 1; we conjecture that
it holds forall » > 0, s > 1, and d < [.) Using these results, we determine
when surface approximation is easier than, as easy as, or harder than, surface
integration; all three possibilities can occur. In particular, we find that if
r=s=1andd < I,then u = 1/d and v = 0, so that surface integration is
unsolvable and surface approximation is solvable; this is an extreme case for
which surface approximation is easier than surface integration.

1 Introduction

Integration and approximation are two of the most well-studied problems of infor-
mation-based complexity (1IBC). These problems consist of finding an approxima-
tion to a function f or its integral over some domain X, typically using function
values at a finite set of points from . Usually,® one chooses X to be either the
unit cube 7¢ = [0, 1]¢ or the Euclidean unit ball B, in R?. For the usual sets F
of problem elements f, these problems are linear. This means that we can use the
full power of 1BC theory for linear problems (see, e.g., [8, Sect. 4.5]), which allows
us to determine e(n) and comp(g), the nth minimal error and the e-complexity of
approximation and integration, as well as to address issues such as whether linear
algorithms are optimal and whether adaption is more powerful than non-adaption.

Usually, classical integration is no harder than approximation. Indeed, we can
easily see this if we measure approximation error in a norm that dominates the
L1(X)-norm and if the Lebesgue measure of X is finite. Given any algorithm A
for the approximation problem, consider the algorithm U defined by

U(f) = /2 AP dx.

1There is also a stream of work studying weighted approximation and integration over ¥ = R¥.



Then the error of U for the integration problem is dominated by the error of A
for the approximation problem. It then follows that the nth minimal error of the
integration problem is dominated by that of the approximation problem. In many
cases, it is enough to only consider linear algorithms, so that the e-complexity of
integration is also dominated by that of approximation. Thus, integration is no
harder than approximation.

In fact, integration may be easier than approximation. As an example, suppose
that ¥ = 79, our functions to be approximated or integrated are a ball in the
space C"(1¢) of r times continuously differentiable functions, and that we measure
approximation error in the C”(7%)-norm, where 7 < r. Let the nth minimal error
for a problem be defined as the minimal worst case error among all algorithms that
use n function values to compute an approximation to that problem. Then the nth
minimal errors for approximation and integration are ® (n~"~"/4) and ®(n~"/4),
respectively. Hence, integration is easier than approximation if 7 > 0.

Note that for these classical versions of the approximation and integration prob-
lems, we have complete information about the domain X. What happens if we only
have partial information about X?

We consider nondegenerate domains X, defined by functions g of d variables,
nondegeneracy holding if g is a continuously differentiable injection. This nec-
essarily implies that d < [, where [ is the dimension of the codomain of our
functions g. Let G be a class of such functions g. The simplest situation is to
let =, = g(I%), where G is a class of functions from /¢ to I', as was studied
in [11] and [12]. Note that such a domain X, is the diffeomorphic image of a
cube, and hence X, must have corners. If we want to allow smooth domains, we
can follow one of two approaches. The first is to consider domains X, that are
oriented cellulated regions, see, e.g., [5, pp. 369-370]. This essentially means
that X, is a finite union of images of cubes under maps gltl, ..., ¢l € G, with
g™y, ..., g™ 1) having disjoint interiors. Examples of oriented cellulated re-
gions include balls and spheres, as well as other smooth regions. It is easy to see
that results that hold for domains that are images of cubes also hold for domains
that are oriented cellulated regions. The difficulty is in actually constructing the
necessary maps, even for regions as simple as balls. So, we propose a second
approach, namely, letting ¥, = g(B,;) where G is a class of functions from a d-
dimensional ball B, to an /-dimensional ball B;. Then the smoothness of g(B,)
matches that of g.

Note that if d < [, then %, is usually called a surface in R/, whereas if d = [,
then X, is a region in RY. For brevity’s sake, we shall refer to =, as a “surface” in
all cases.

In this new setting, the surface approximation problem SURF-APP consists of
approximating f over X, in the L,-sense, and the surface integration problem



SURF-INT consists of approximating the surface integral (as studied in [11]) of f
over X,. In both cases, we have only partial information about X, since we can
sample the function g only at finitely many points. We measure error and cost in
the worst case setting, the worst case being over all [f, g] € F x G, so that F is a
class of integrands and G is a class of functions g defining surfaces %,.

In this paper, we shall choose F as a ball in the space of functions that are
r times continuously differentiable. We shall choose G as a ball in a space of func-
tions that are s times continuously differentiable injections, subject to a “uniform
nondegeneracy” condition, explained in Section 2. We will require » > 0 and
s > 1, so that our surface approximation and integration problems will be well-
defined. We stress that both the surface approximation and surface integration
problems are nonlinear.

Permissible information about [ £, g] € F x G will be standard information. For
the purpose of simplifying the exposition, we restrict our attention to information
consisting of function evaluations of f or g. There is no loss of generality in doing
this, since the results of this paper also hold if we allow derivative evaluations. We
let c denote the cost of one function evaluation.

Before explaining our results in a more technical way, we stress that surface
approximation may be easier than, as easy as, or harder than surface integration,
depending on the values of the global parameters. In particular, if the surface has
minimal smoothness (s = 1) and d < [, then we have an extreme case. Namely,
surface integration is unsolvable (i.e., its e-complexity is infinite for small &), but
surface approximation is solvable (i.e., its e-complexity is finite for all ¢ > 0).
The intuitive reason for this is that a surface integral can be regarded as a weighted
classical integral, whose weight depends on the derivative of the function g deter-
mining the surface X,. When s = 1, this weight is only continuous. This is not
enough smoothness to allow us to approximate the weight function with arbitrarily
small error using a finite number of evaluations of g. Surprisingly enough, this
holds only when d < 1. However, when d = [, we can overcome this difficulty by
using an integration by parts to reduce the dimension of the problem and to redefine
the weight function so that it no longer contains derivatives of g. This new weight
function is continuously differentiable, and hence it can be approximated with ar-
bitrarily small error using finitely many function values of g. On the other hand,
the same weight plays a completely different role for surface approximation. This
weight only affects the error of an algorithm through a multiplicative factor. These
factors are uniformly bounded for our class of surface approximation problems.
From this, it follows that surface approximation always has finite e-complexity,
evenwhens =1landd < [.

Let us now state the main results of this paper more precisely. These results
hold, no matter how our class of surfaces is generated:



e as images of cubes,
e as oriented cellulated regions, or
e as images of balls.

Note that we concentrate specifically on establishing estimates of the nth min-
imal error and e-complexity having sharp exponents of 1/n and 1/, ignoring any
dependence of ®-factors on r, s, d, and I. We believe that these factors depend
exponentially on d and /, and so these estimates are of practical importance only
for problems of small dimension.

First, we state the results for surface approximation. Let

_min{r, s}
= T

Then the nth minimal error satisfies?
e(n; SURF-APP) < n™#
and the e-complexity satisfies®
comp(e; SURF-APP) < C ¢ /K,

In particular, note that for classical approximation over balls and spheres, g is the
identity function, and so we formally have s = oo, so that u = r/d.

Next, we turn to surface integration. Let
ros—381(1—3641) }

v =mini—, -
id min{d, [ — 1}

with §; ; is the usual Kronecker notation. Suppose that any of the following hold:

o r =0,
o d <,
e d=1=1,

ed=I[>2ands > 2,

ed=I[=2ands=1,or

2\We use <, 3=, and x in this paper to respectively denote O-, Q-, and ®-relations.
3Here, we adopt the convention that e =1/0 = oo, so that comp(e) =< ¢ e~1/0 means that the
problem is unsolvable for sufficiently small .



ed=[=3andr =s=1.

Then
e(n; SURF-INT) < n™" (D)

and
comp(e; SURF-INT) < ¢ ¢ /", (2)

We do not have tight bounds for surface integration in the cases
ed=[=3andr >s=1and
ed=I[>4andr >s =1,

but we do know that the problem is solvable, i.e., it always has finite e-complexity
for any ¢ > 0, see [11]. We conjecture that the bounds (1)—(2) hold for all values
ofd, 1, r,and s, subject to our conditions r > 0, s > 1,and d <.

Our result for surface integration is succinct, but cryptic. Let us decipher it.
First, note that if » = 0, then v = 0, i.e., the problem is unsolvable. Hence, we
restrict our attention to the case r > 1.

1. Letl =1, sothatd = 1 necessarily. Thenv =r.
2. Letl >2andd < [.

(@ Ifs=1thenv =0.
(b) If s > 2, then v = min{r, s}/d.

3. Letd =1> 2.

(@) Lets > 2. Thenv = min{r/d,s/(d — 1)}.
(b) Lets =1.
i. Ifd =2,thenv =1.

ii. Ifd=3andr=1,thenv = 1.

Of course, in the remaining cases, we do not know the exact order of the e-
complexity.

Using these results, we can compare the e-complexities of surface approxima-
tion and surface integration. We will use the usual precedence notation, so that,
e.g., SURF-APP < SURF-INT will mean that surface approximation is strictly eas-
ier (in terms of e-complexity) than surface integration. First, suppose that » = 0.
Then © = v = 0, and SO SURF-APP = SURF-INT, with neither problem being
solvable. Hence, we restrict our attention to the case » > 1. We find the following:



1. Let!/ =1,sothatd = 1. Then u = min{r, s} and v = r, so that SURF-INT <
SURF-APP. In particular, if r > s, then SURF-INT < SURF-APP, Whereas if
r < s, then SURF-INT < SURF-APP.

2. Let/ >2andd < [.

(@ Ifs=1thenu =1/d > 0and v = 0. That is, surface approximation
is solvable, but surface integration is unsolvable. Hence SURF-APP <
SURF-INT. This case justifies the title of our paper.

(b) Ifs > 2, then u = v = min{r, s}/d, and SO SURF-APP < SURF-INT.
3. Letd=1> 2.

(@) Ifs > 2,then u = min{r, s}/d and v = min{r/d, s/(d — 1)}.
i. Ifr <s,then u =v =r/d, and SO SURF-APP < SURF-INT.
ii. Ifr > s,then u = s/d. There are two possibilities:
A Ifr <sd/(d—-1),thenv=r/d > s/d = p.
B. Ifr >sd(d—1),thenv=s/(d—-1) >s/d = .
Hence SURF-INT < SURF-APP in either case.
(b) If s =1, and suppose that (1)—(2) holds. In particular, this includes the
following cases:
o d=1[=2,and
ed=[=3andr =1.
Then u =1/d and v = min{r/d,1/(d — 1)}.
i. Ifr/d = 1/(d—1),thenv = 1/(d—-1) > 1/d = u, and so
SURF-INT < SURF-APP.

ii. Letr/d <1/(d—1). Thenr <d/(d—2) < 2,s0thatr = 1.
Hence v = 1/d = u, and SO SURF-APP < SURF-INT.

Thus we find that surface approximation is sometimes easier than, sometimes
as easy as, and sometimes harder than, surface integration. It all depends on the
relationship between r, s, d, and [.

We now outline the structure of this paper. In Section 2, we give a precise de-
scription of the problems to be solved. In Sections 3 and 4, we prove our results
for the surface approximation and integration problems over images of cubes. Fi-
nally, in Section 5, we extend our results from images of cubes to smooth surfaces
defined as oriented cellulated regions or as images of balls.



2 Problem description

Let d and I be given positive integers, with d < [. Let I = [0, 1] denote the unit
interval. If g: 19 — R’ is a C* injection, then g(I¢) is a d-dimensional surface
in R.

Remark. Strictly speaking, the set g(1¢) is a surface only whend < I; whend =1,
the set g(79) is a region of R?. However, for the sake of brevity, we shall let the
word “surface” include all the cases d < [. O

In this paper, we deal with nondegenerate surfaces. The nondegeneracy of the
surface means that the surface area element associated with the surface never van-
ishes. We now explain this more precisely; see [5, p. 334 ff.] for further discussion.

For any C* injection g: 1¢ — R!, the gradient Vg: I¢ — R'*4 is defined by

og;
(Vo)) = af

(x) forief{l,....1},je{l,...,d},andx €I,
J

where g; is the ith component of g.

Define
o,(x) = /detA(x)  Vxelf

where
A) =[(VOIOI'[(Ve)x)]  Vx el

e, A(x) = [a;; (x)];{j:l is the d x d matrix having components

!
0gr . 08k

aj(x) =Y 3 g, @
k=1
fori,j e {1,...,d}and x € I¢. We call o, (x) the surface area element of g(I%)

at x.
We say that the surface g(/¢) is nondegenerate if o, (x) # 0 for all x € 1.

Remark. Note that when d = [, we have the simplification
0, (x) = |det[(Vg) (x)]| Vx el

Strictly speaking, we should call o, (x) the “volume element” rather than the “sur-
face area element” in this case. Again, for brevity’s sake, we shall let “surface area
element” cover all the cases d < I. O

Next, we define two classes F and G of functions, as in [11]. The class F will
define functions to be either approximated or integrated over surfaces defined by



the class G. We use the standard notations for multi-indices, Sobolev spaces, etc.,
found in, e.g., [2, p. 11].

For a positive C; and for r > 0, we first define FF = F;, ¢, as the ball of
radius C; of the space C” (1), i.e.,

I flleran < Ca Vf eF.

Here,
I fllerry = max || DY f1|,
o] <r

with || - || denoting the max norm.
For positive C, and ¢, and for s > 1, we now define G = G4 5.¢,.c, aS the
class of s times continuously differentiable functions g € C*(1¢; I') that satisfy

Igllesqasm = G2 and — minoy(x) = cp. ®3)
Xe
Here,
N . = MmaxX [ N
lgllc ;b 1oy llgillc 14)»
where, as before, g1, ..., g; denote the components of g. For simplicity, we assume

that ¢, < 1 < C». Letting id: 7¢ — I' be the standard embedding
id(xq, ..., x9) =(x1,...,x4,0,...,0) Vx=(x1,....,x0) €I% (4

we see that id € G. Note that the condition (3) imposes a “uniform nondegeneracy
condition” on the admissible surfaces g(7¢).

Observe that the functions from F have the common domain 7/ and that g (7¢) C
I' for all g € G. This is why the compositions

(fo)®) = flew) Vxeld

are well-defined for [f, g] € F x G.

We are now ready to formally define our two problems.

The first problem is SURF-APP, the surface approximation problem. For a given
[f.gl € F x Gand x e I, we wish to compute A(¢) for t = g(x) such that A(¢)
approximates f(¢). Letq € [1, oo]. The L -error of this approximation is given as

If = AllL, -

Here, for g < oo, we have
1/q
f— A”Lq(g(ld)) = |:/ 1 |f(@) — A@)|? dff(f):| )
g(I%)

9



where the integral is the surface integral defined as
/ hdo = | (hog)o, = / h(g(x))o,(x)dx  V[h,gle F xG.
g(I‘l) 14 14

Hence we have

1/q
Hf—AMNW»=[/|f@@»—A@@»V%@ﬁU}
14
when g < oco. For g = oo, we have

If = AllLgaay = SUp 1f (@) — A@)] = sup | f(g(x)) — A(g(x))]
teg(ld) xeld
(the latter since ¢, < o,(x) < d! Cg’ for x € I and g € G). Thus for any value of
q € [1, o], we find that

If = All, ey = log/9(f o g = Ao @), -

Let us now write U(f, g)(x) = A(g(x)). Since g is injective, there is a one-to-one
correspondence between U and A.

Our surface approximation problem consists of finding, for [f, g] € F x G, a
function U (f, g) € L,(I?) such that

e(U; SURF-APP) :=  sUp oz [f o g — U(f, ]l a4
[f.gleFxG

is small. Equivalently, we want to approximate f o g over 7¢ in the agl/"—weighted
Lg-norm.

Our second problem is SURF-INT, the surface integration problem. For [f, g] €
F x G,weseek U(f, g) € Rsuch that

e(U; SURF-INT) = sup
[f,.gleFxG

/ fdo —=U(f g)
g

is small.

Since F ¢ C(I") and G c C*(1%; 1Y), it follows that for any [f, ¢] € F x G,
we have o,/ (f o g) € C(I?) C L,(I) and (f o g)o, is integrable. Hence our
surface approximation and integration problems are well-defined.

Note that we define the error of U for both problems in the worst case setting.

Remark. If d = [ and we choose ¢ = id, these problems reduce to the classi-
cal approximation and integration problems. Indeed, surface approximation with
g = id is merely the L, (7¢)-approximation problem for C" (1), and surface inte-
gration with g = id is the integration problem for C"(1¢). Hence these problems
generalize the usual classical problems of approximation and integration. O

10



To solve either problem, we need to know some information about f € F
and g € G. We will consider standard information consisting of evaluations of f
and g, which has the form

y:[J’L---’J’n]:N(f’g),

where, for 1 < i < n, we have either
yi = f(x®) for some x® e I’

or
yi = g;;(x®) for some x® e 1 and j; € {1,...,1}.

The information may be adaptive (i.e., the choice of each x> may depend on the
previously computed information yq, ..., y;_1) or it may be nonadpative. Adaptive
information is allowed to have varying cardinality, i.e., n = n(f, g) is allowed to
depend on f and g, or fixed cardinality. The cardinality of our information N is
defined as
cardN = sup n(f,g).
[f.gleFxG

Note that since F ¢ C(I') and G c CY(14; I"), standard information is well-
defined over F x G. For details and further discussion, see, e.g., [8, Chapter 2].

Remark. Note that the permissible information consists of function values of f
and g. One could allow the evaluation of derivatives, as well. We restrict ourselves
to function values alone, since this makes the exposition much simpler. However,
it is easy to see that the results of this paper also hold if derivative evaluations are
allowed. O

Hence, our approximate solution has the form

U(f.8) =¢(N(f. g). (5)

Here, we have ¢: N(F, G) — Lq(Id) for the surface approximation problem, and
¢: N(F, G) — R for the surface integration problem.

The cost of computing U (f, g) is defined as cost(U, f, g), which is the weight-
ed sum of the total number of information evaluations of f and g, as well as the
number of arithmetic operations and comparisons needed to compute either

e U(f, g) for surface integration, or

e U(f, g)(x)atany x e I¢ for surface approximation.

11



More precisely, we assume that the evaluation of a function at any point in its do-
main costs c. The cost of each arithmetic operation is taken as 1. Then cost(U, f, g)
for U of the form (5) is cn + 1, where 7 is defined as either

o the total number of arithmetic operations and comparisons needed to com-
pute U (f, g) for surface integration, or

e the supremum (over all x € 19) of the total number of arithmetic operations
and comparisons needed to compute U ( f, g)(x) for surface approximation.

Here ¢ > 1, and usually it is realistic to assume that ¢ > 1; see once more [8,
Chapter 2] or [9, Chapter 2] for details. Then

cost(U) = sup cost(U, f, g)
[f,.gleFxG

is the worst case cost of U.

We may judge the quality of an approximation U using information of given
cardinality by comparing its error to the minimal error possible among all approx-
imations using information of the same cardinality. For fixed n, the nth minimal
error

e(n) = inf{e(U) : U of the form (5) withcard N <n }

is the minimal worst case error among all approximations using any information of
cardinality at most n. An approximation U,, for which

U,=¢,oN,with card N, <n and e(U,) < e(n)

is said to be an nth (asymptotically) minimal error algorithm.

Clearly, {e(n)} is a nonincreasing sequence. Moreover, e(n) makes sense even
when n = 0; indeed, ¢(0) is minimal error among all “constant” approximations,
i.e., those using no evaluations of f and g.

Along with minimal-error approximations using a given number »n of infor-
mation evaluations, we also wish to compute e-approximations at minimal cost for
any ¢ > 0. The e-complexity is the minimal cost of computing an e-approximation,
ie.,

comp(e) = inf{costU : U suchthate(U) < ¢}.

An approximation U, for which
e(Uy) <e¢ and costU, < comp(e) as & — 0,

is said to be (asymptotically) optimal.

12



Remark. Of course, the error e(U), the nth minimal error e(n), and the e-complexity
also depend on which problem is being solved. We shall often denote this de-
pendence explicitly, writing, e.g., e(n; SURF-APP) or comp(e; SURF-INT). On the
other hand, even though these quantities also depend on the classes F and G, we
shall not indicate these dependencies explicitly. O

3 Thesurface approximation problem

In this section, we determine the nth minimal error and the e-complexity of the sur-
face approximation problem. Note that since the weight ag/" is uniformly bounded
from above and below for g € G, this weight does not affect the order of the error
of an approximation U. Hence the surface approximation problem will have the
same complexity as the approximation problem for composite functions.

We first establish an upper bound for our problem, by exhibiting an algorithm
using information of cardinality n whose error is proportional to n —*, where

_min{r, s}
= T

Let us determine the smoothness of functions f o g for[f, g] € F x G.

Lemma3.l. If[f,g] € F x G, then f o g € C™N"sk([4). Moreover, there exists
a constant C., independent of [ f, g] € F x G, such that

||f e} g”lenm}([d) < C

Proof. Let [f,g] € F x G, and let « be a nonzero multi-index for which |«| <
min{r, s}. The multivariate Faa di Bruno formula [3, Theorem 2.1] states that

||

piream= ¥ @)y ¥ w]] Lol

1<|pl<|e] i=1 pi(@.p) Jj=1

where p;(a, B) is the set of nonzero multi-indices k4, ..., k; € Z'and 44, ..., ¢; €
Z¢ (with the ¢; being strictly increasing with respect to lexicographic ordering)
such that

dkj=pez' and > |klt;=aeZ.
— -

Hence we find that there exists a constant C,; |, independent of f, g, and n, such

13



that

1D (f o @)llcasy < Cartar D Ifllcrmanllgl i o,
1<|B|<le|

< Cqal Z Clclzﬂl <1
1<(BI<]e|

where C; and C, appear in the definition of the classes F and G. The desired result
follows immediately. O

We now recall some standard results on approximation in the L, (I¢)-norm.
From [2, Chap. 3.1], there is an interpolation operator IT,, having the form
Mw=>Y wxs  Vwec™ s,
j=1
with the following properties:

1. Forany x € I?andi € {1, ..., n}, the value s; (x) can be computed in O (1)
arithmetic operations.

2. There exists a number C,pp, depending only on the global parameters d, g,
r, and s, such that

lw = Mwlliz, g4y < Carern ™ lwllemine.s) (74 (6)
forany w € C™"s)(14) and any n > 1.
We now define an approximation U, for our problem SURF-APP by taking
Un(f,8) = /a0, (f 0 8) V[f. gle F xG. (7)
Clearly U, uses the information
Na(fs @) = [(fo)(x™), ..o, (f o)1)
of cardinality at most n.

Lemma 3.2. For any n > 0, we have
cost(U,) <cn

and
e(U,; SURF-APP) < n M.

14



Proof. The bound on the cost of U,, follows immediately from the definition of U,,,
the linearity of 1,41, and the form of the basis functions sy, ..., s,. Now let
[f.g]l € F x G. Since o,(x) < d'C4, we may use (6) and Lemma 3.1 to see that

||O'g1/q[f o g—TI1/q41))(f o g)]”Lq(Id)

I+1]™"
=< (dlcél)l/q Capp LTJ Il f o g||Cmin(’~S)(1d)

[+1 "
” )

< (d'\CHY1 Cpep C, {

Hence e(U,) < n™*, as required. O

We now establish lower bounds for our problem. The first is fairly simple:

Lemma3.3.
e(n; SURF-APP) = n "/,

Proof. Forany v € F,, c,, we define f,: I' — Ras
1
fo(xe, oo, Xa, Xaq1, oo X)) = v(X1, .., Xg) Vx=(xg,....,x) el.

Let g = id € G be given by (4). Then f, 0 g = f, oid = v and

Il fo ||cr(1') = |lv ||cr(1d)-

Hence f, € F = F;, ¢,. For an approximation U of the surface approximation
problem using information of cardinality at most 1, we define an approximation U
to the classical approximation problem APP of approximating Fy ,.c, in the L, (1%)
norm, by taking

UWw) =U(fy,id)  YveFy.c,.

Clearly U (v) uses information of cardinality at most » about v, and so we have

e(U, SURF-APP) > sup || f oid U (f, i)l (4
feF

= sup |l fyold=U(fy, i), e

UEFd.r.Cl

= sup [lv—=UWll,qe
UEFa’,r,Cl

= e(U, APP) > e(n:; APP).
It is well-known, see, e.g., [6], we have
e(n; APP) = n~"4.

The desired result follows from the previous two inequalities. O
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Our second lower bound is somewhat more complicated to establish, since
it is based on the class G, which is defined not only by the smoothness of the
functions g, but also by restriction to g satisfying g(7¢) < I' and (3).

Lemma 3.4.
e(n: SURF-APP) = n—*/?.

Proof. Without loss of generality, let us assume that C; > 1. We first define the
function f*: I' - Ras

ffx)=x1 Vxel

Clearly f* € F.

Let
_2d—1+2€2 l—0c

S= 1 and =
Sinced >1and0 < ¢, <1, wehave & > 0,7 > 0,and & + 2y = 1. Using
this and Taylor’s theorem with remainder for the function n — (1 — 25)?~* with
d > 2, we have

E-mETt=1-3nA-2n"" = 1 —-3n(1-2d - 1)
>1-(3+2(d—-D)n=c.

(8)

Lete = (1,...,1)T € R'.. We define
gF =¢&id+ne.
We claim that g* € G.

1. We need to show that g*: 1¢ — I'. Letx e I¢. Fori € {1,...,d}, we
have g*(x) = &x; + n. Since £ and 7 are positive and £ + n < 1, we have
0<g/(x) <l Forief{d+1,...,1}, wehave g¥(x) = n € [0, 1]. Hence
g*(I%) C I', as required.

2. We need to show that || g*||cs(j4. ;1) < Ca. Since C; > 1, itis enough to prove
that [ gllcs e,y < 1. Now we have [|g*(lce. 1y = & + n. If a is a multi-
index with || = 1, then || D*g*||¢c(a.yry < &, Whereas if o is a multi-index
with || > 2, then D%g* = 0. Hence || g*|l¢sja. ;1) = & +n < 1, as required.

3. We need to verify that min, .« o,(x) > c2. Now

. I
Vg =sllxd=s[ dxd }

Ou—d)yxa

16



and so
Ag = (Vg (Vg = E1yua.
From (8), we have

op =/det A, = €7 > (£ =TT = ¢y,
as required.

Thus, we see that ¢g* € G, as claimed.

Now let N be information of cardinality at most ». Without loss of generality,
there exist non-negative integers no, ..., n; with >"i_on; < n, aset {x©}1- ;0
of points in 7/, and a set {x "}, ;,, 1i< of points in ¢, such that

N(f*, 8") = [No(f"), N1(g1). - .., Na(g)],

where
NO(f*) = [f*(x(o’l)), e, f*(x(oﬂlo))]

and
Ni(gh) = [gFr (x“Py, ..., grx"]  forl<i <L

From [6], there exists a function z € C*(I%) such that

zllesray = 1,

N1(z) =0, 9)

—s/d
”Z”Lq(ld) =

Let e; € R denote the first column of the [ x [ identity matrix 7,,;. We will take
g = g" + nzey = £ id +ne + nzes.
We claim that g** € G.
1. We need to show that g**: 1Y — I'. We have
g1 (x) = &x1+n+nz(x) =l —|z(x)) = 0

and
gl ) <&E+n+nlzx)|<&+2n=1

Since g#* = g1 1Y — I fori > 2, we have g**: 1Y — [, as desired.

17



2. We need to show that ||g**|lcs .1y < C2. We have already showed that
g7 lcey < 1. If o is @ multi-index with || = 1, then || D*g1*||¢(yay < & +
2n, whereas if « is a multi-index with |«| € [2, 5], then [|[D*g*|lcje) < 1.
On the other hand, if 2 < i < d, we have g/* = g7, and hence

§+n ifja| =0,

I1D“g ™ llcay < 1 & if o] =1,
0 if |o| > 2.
Thus
g™ Nesqray <E+2n=1<Cy,
as required.

3. We need min, ca 0= (x) > c2. Now

ok * * T (VZ)T
Vg™ =Vg"+nV(ze1) = Vg~ +ne1(Vz)' =&Lxa+n .

Ou—1)xd

Hence
Ags = (Vg™ (Vg™

v T
= (Lo +1[Vz Ouxg-1))) (élzm +7 |:0((lj-))><di|)
(V)"

=& Lyxa +£n ([VZ Oux(a-1] + |:O
(d-1)xd

D +n%(Vz) (V)T
= [Eli,j]lgi,jgd-

Here,

a1 = (& +zan)?

G = &2+ nz2 for2<i<d
aji=ay; =nz;&+z1n) for2<j<d
glj,i=6~li,j=nzz,iz,j for2<i+#j<d,

with z ; being used to denote dz/dx;. Since the first row and first column
of A« are multiples of £ + z 11, we have

det Agee = (& 4 z.17)% det B,

18



where

1 nz.2 nz.3 .- NZ.4
2 2,2 2 2
nzz §°+nz5  n°zazs ... NZ2Za
2 2 2.2 2
B=|1z3 nz2z3 §°+nz% ... n°Z3zy
2 2 2 2,2
| 24 N°222a4  2°23Za4 ... §° M7y

Now for 2 < i < d, subtract nz ; times the first row of B from the ith row

of B. We get
1 nzp nz3 nZ.d
0 & 0 ... 0
detB=|0 0 & ... 0 |_g2-D
0 O 0 £2
Hence

det Ager = (£ + 2,422 D,
Since ||z]l¢s(ray = 1, we have
T () = [E +21(NIET = (§ = nlza@) 7 = G —mET = e
the latter by (8).

Thus, we see that g** € G, as claimed.
Using (9), we have N1(z) = 0, which implies that

N(f*, %) =N, g").
We also have
[rogh = frog" =g —g =z
Now let ¢ be an algorithm using N. Then w := ¢(N(f*, g*)) = ¢(N(f*. g%)),

and thus

1 1
e@. N) = max [ lo/7(f* o 8" = w)llL a0y, 03 (F 0 8™ = w0
1/q
2

A%

¢y’ " max {||f>k og"— w||L,,(1d), | f*og™ — w”Lq(Id)}
11
§Cz/q (||f>k og" — wliz, i) + [ f*og™ — w”Lq(Id))

1 .1/q 1.1/q
56, |ffog*— f o 8**||Lq(1d) =306 77||Z||Lq(1d)-

v

v
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By (9), we conclude that
e(p, N) =n""1.

Since ¢ is an arbitrary algorithm using arbitrary information N of cardinality at
most ., we see that
e(n; SURF-APP) = n %/,

as required. O
Combining Lemmas 3.2-3.4, we have

Theorem 3.1. Consider the surface approximation problem with F' = F; , ¢, and

G = Gd,l,s,Cz,cz- Let
__min{r, s}

N d
1. The nth minimal error satisfies
e(n; SURF-APP) < n™#
and is attained by U, defined by (7).
2. The e-complexity satisfies
comp(e; F, G) < ¢ e Y/~

Moreover the approximation U,,, with n =< ¢~'/#, is optimal and computes
an g-approximation at nearly-minimal cost. O

4 Thesurfaceintegration problem

In this section, we determine the nth minimal error and the e-complexity of the
surface integration problem.
First, it is clear that for » = 0, the surface integration problem is unsolvable.
That is,
e(n; SURF-INT) < 1

and there exists &g > 0 such that
comp(e, SURF-INT) = oo Ve < egg.

Indeed, it is enough to take g = id, so that surface integration reduces to the
problem of approximating f,d h(x) dx, where

h(x) = f(x,0,...,0) Vxel
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This problem is the classical integration problem for continuous functions over 1;
it is well-known (see, e.g., [1]) that this problem is unsolvable. Therefore, we will
restrict our attention to the case » > 1 in Theorems 4.1 and 4.2.

Our main result is the following theorem, parts of which have been previously
proved in [11] and [12] (as indicated in the proof).

Theorem 4.1. The following results hold for the surface integration problem with
F = Fl,r,Cl and G = Gd,l,s,Cz,cz-

1. Let! =1, sothatd = 1 necessarily. Then
e(n; SURF-INT) < n™"

and
comp(e; SURF-INT) < c e /",

2. Letl >2andd < [. If s = 1, then there exists ¢g > 0 such that
e(n; SURF-INT) > &g Vn >0,

and so
comp(e; SURF-INT) = 00 Ve < gp.

However, if s > 2, then
e(n; SURF-INT) < p~ Mintrsi/d

and
comp(e; SURF-INT) x ¢ g~/ min(rs}

3. Suppose thatd =1 > 2. If s > 2, then
e(n; SURF-INT) = pn~ Mintr/d.s/(d=1)}

and
comp(e; SURF-INT) x ¢ g~ Maxld/r.(@d=1/s},

First part of proof. The results for cases 1 and 2 were established in [11] and [12].
For case 3, the bounds

I’l_r/d < e(n; SURF-lNT) < n—min{r,s}/d’

and
c e 4" < comp(e; SURF-INT) < € g4/ minirs}

21



were proved in [11], whereas the bounds
n=/ @Y < e(n; SURF-INT)

and
c e~“=V/s < comp(e; SURF-INT)

were proved in [12].
Suppose first that » < s in case 3. Then

r h) h)
— < - < s
d~d d-1
and so ]
min{r, s} r | s
—— = —=min{—, .
d d d d-1

Hence we find that
nfmin{r/d,s/(dfl)} < e(n; SURF'|NT) < nfmin{r,x}/d = nfmin{r/d,x/(dfl)}’ (10)

and so the lower and upper bounds found in Theorem 4.1 match when r < s.
Hence, it remains to consider case 3 for r > s > 2. O

We will complete the proof of Theorem 4.1 ford =1 >2andr > s > 2
by exhibiting an algorithm whose cost is proportional to ¢ n» and whose error is
proportional to n—mnr/d.s/@-D} " Before doing this, we reduce our problem of
computing

[ rdo=[ fle)icetvemids
g9 g
to that of computing
5.9 = [ £le) @t o) dr. (1)
1{
We do this by noting that for any ¢ € G, we have either (detVg)(x) > 0 for

all x € 19 or (detVg)(x) < O for all x € I. Hence it follows that for any
[f. g] € F x G, we have

/ fdo ==xS(f, g).
g%

It only remains to determine the sign. If calculating derivatives of g were a permis-
sible information operation, then we would calculate (det Vg)(x*) at some x* € I¢,
from which we would know which sign to use. However, we are not allowing
derivative information. There are two approaches we can use:
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1. If s > 2, then we can approximate (det Vg)(x*) using difference quotients.
This can be done with cost independent of n.

2. If s = 1, we can approximate S(1, g) using the techniques in [11]. We then
use the sign of our approximation as our multiplier. This can be done with
cost proportional to that of the algorithm that we will present in the sequel.

Hence minimal error and optimal complexity for surface integration and for the
“signed” surface integration problem of (11) are essentially the same.

Recall that one of the main tools used to prove upper bounds in [12] was [12,
Lemma 4.1], which shows how we can express the volume of g(7¢) as a sum
of (d — 1)-dimensional integrals. This Lemma was based on [4, Chap. 4, Theo-
rem 3.2], which shows that a Jacobian determinant can be expressed in divergence
form. We now extend [12, Lemma 4.1] to cover surface integrals.

Lemmad4.l. Let f € C(I%)and g € C*(1%; 1¢). Then

d xi=1
. 9(g2, ..., ! N
s(f. =Y u [ [Uf)(g(x))u(x)] dz;.
j:]_ Idil ax/ xj=0
where S is given by (11),
141
(If)(t) = / f(t,ta, ..., 1) dt, (12)
0
the Jacobian determinant of the mapping
(X1y ooy X1, X g1y ey Xg) B> (gz(x), s gd(x))

is denoted by
9(82, .-, 8a)

an

’

and
dfj = dxl .. .de,]_dXH,]_ .. .dxd.

Proof. Let

- . (g, ..., xj=1
RHS(/, 8) = 3 (— 1)/ /I [(If)(g(x))W(x)} ny
=1

J Xj:0

Note that S, RHS: C(I%) x C1(1%; I?) — R are continuous nonlinear functionals,
the space of polynomials is dense in C(I%), and C?(1%; I?) is dense in C1(1%; I9).
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Hence, it suffices to show that S(f, g) = RHS(f, g) for any polynomial f and any
g € C%(1%; I%). Moreover, since S(-, g) and RHS(-, g) are linear functionals for
any g € C%(14; 1), it suffices to show that

S(@id*, g) = RHS(id*, g), (13)
where, for any multi-index o, we write
id*(x) = x* Vxell

So, choose a multi-index «. Note that by [4, Chap. 4, Theorem 3.2], we have

d i1 O 0(g2, -+ 8a)

(detVg)(x) = ;(—1)]“% [gl(x)T( )} (14)

Hence
S@id*, g) = A — B, (15)
where
i1 (g2, - 84) }

A= Z( S [g(x) e

and

i+1 o (827"'9gd)
B= Z( [ o - [500] sa0 =R

From the fundamental theorem of calculus, we have

d
_ j+1
A=y [
j=1

(g2, .- u=t
g (82 gd)(x)] a5,

[gl(x)"‘lJrlgz(X)"‘2 ... 8a(x) PR
X

x;j=0

Moreover,

d
B = Z(_l)j—irlf
=1

g(x)* Bg, (82, -, 8a)
(; ) B, )m—axj (x) dx

14

- (x)"
= [ S ani g dx,
Ly 8i(x)
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where

98 982 384

dx; dx1 0 Ax

agi 382 agd

d -~ - .. _—

1108 0 e 0x ox Ix

6; = Z(_l)ﬂrli (&—Agd) _ [ 9x2 09X 2
P axj 8x,~
Jj=1 .

981 982 984

a)Cd a)Cd o axd

= 5,"1 det Vg.

Hence

5= [ Za, 2 @t Vo) dx = [ 500 @t Vi) ) dx
144

= ozlS(ld"‘, 2).
Substituting this result into (15), we have
S@id*, g) = A — a1 S(id*, g).
Solving for S(id*, g), we find that

S@id¥, g) = A
9’ g - (Xl + 1
d 1
= Z(—l)“l/ [ g1(0) T gr(x)%2 ... gg(x)™
—1 jd-1 | 01 + 1
(g, ..., x=l
8 (&2 : ga) (x)] a3
axj x‘,'=0
Now .
1
o 1tfl+1t§2. R /0 T2 5 dT = (1id%) (1),
and so
" 1g1(x>“1+1gz(x>“2 o ga(0) = (1id*)(g(x)).
1
Hence

= RHS(id“, g),
a1 1 (1d, g)

which establishes (13) and, hence, the lemma.
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Next, we construct a multivariate spline space on 7¢, following the approach
in [11]. For a given positive integer n, let 2, be a uniform grid on 7¢ with mesh-
size ®(n~Y/?). Recalling that » > 3 in this part of the proof, we let .#, be a
globally C”2 tensor spline space of degree » — 1 over 2,,. The quasi-interpolation
operator Q,, for ., has the form

Q.f =) 2j(f)B;  VfecCu?,

j=1
where m = dim.¥, =< n, the functions By, ..., B,, are d-fold tensor products of
univariate normalized B-splines, and A1, ..., A,, € [C(19)]* satisfy

}\j(B,) = (S,"j (1 < l,_] < m)

We can calculate {A1(f), ..., A (f)} for f € C(I?) using ®(n) evaluations of f
at points in 7¢. Moreover, following the same method of proof as in [7, Theo-
rem 5.8], one can show that

If = O fllwrooqay < 0~ Fllyroo ey (16)

for f € Fandk € {0, 1, 2}. Recalling the definition (11) of S(f, g) and using (16),
along with the fact that g(7¢) < 19, we find that

ISCf. 8) — S(Onf. 8)] < / @) = (Qu )] dt
g(I9) @an

—r/d —r/d
=f = Oufllr,qo <1 ! I fllwrigay S m r/d,

It therefore remains to approximate S(Q,, f, g).
Letje{l,...,d}anda € {0, 1}. We define

0(g2, ..., 84)

R (x)d%;  VYveCU{ . geG, (18)
Xj ’ ’

Siae) = [ 000

j.a

where
d-1 __ d . _
I, ={xel®:x;=a}.

By Lemma 4.1, we have

d
S(Quf.8) = Y (~DI[S;1(1Qufo.8) — Sjo Qufo. 9],

j=1

where I is given by (12).
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We need to approximate S;, for j € {1,...,d} and a € {0, 1}. Similarly
to what we have done above, let 2, ;. be a uniform grid on 7¢,* with mesh-
size ©@(n~YU=D), Let.7, ;. be aglobally C™=21 tensor spline space of degree
max{s — 1, 2} over 2, ;.. The quasi-interpolation operator Q, ;. for .7, ; ., has
the form

Qujaw =Y A;w)B;  Ywe CUI™D),

j=1
where m = dim.”, ;, =< n, the functions By, ..., B,, are (d — 1)-fold tensor
products of univariate normalized B-splines, and A1, ..., A, € [C(I;f;l)]* satisfy

}\j(B,) = (S,"j (1 < l,_] < I’l’l)

We can calculate {1(w). ..., A,(w)} for w € C(I{.") using ©(n) evaluations
of w at points in 7{,*. Moreover, we have

—(s—k)/(d—1
”w - Qn.j,awnwk,oo(]j{f;l) <n (s=h/( )||w||WS’OO(I;1;1)

forw € W*>(1¢.%) and k € {0, 1,2}. Defining Q, ;, for R'-valued functions
componentwise, i.e.,

Qn,j,ag = (Qn,j,uglv ey Qn,j,agd),

we see that
—(s—k)/(d—1
llg — Qng”Wk,OO(]j‘_f;l;[d) <n (=R )||g||Ws.oc(,;1;1;,d) (19)

for g € W91 17 and k € {0, 1, 2}. Now let

J.a

a(Qn,j,agZa B Qn.j,agd)

Unja(v, 8) = / (_H(Qn, j,aV)(X) 7%, (x) d%;
J.a
VveCU{ . geG.
Lemma4.2. Recall that s > 2. Foreach j € {1,...,d}and a € {0, 1}, we have

15,010, fog,8) —UnjuOufog, g xn 4V V[fgle FxG.

Proof. Let [f,g] € F x G. From [11], it immediately follows that for v €
Wz’“(lﬁl), we can approximate integrals

Xj

(g2, .- R
[, plew) et i,
Ij,;
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by
a(Qn,j,ang .. Qn Js agd)

Bx/

/11 (Qn,j,a(vog))(x) ( )dx]’
Ij,a

with an error of at most «,, gn =M/ @D — 4o p=5/@=D Here, i, , is uniformly
bounded in terms of ||g||W2x(,d 1y, 1O, ,ag||W2m(,d 1, and ”U”sz(ld . It is

easy to see that the proof of this result also establishes that
15,0V, 8) = Un jua(v, @) < iy gn /7Y, (20)

where «, , is once again uniformly bounded in terms of the same norms of g, 0,.g,
and v as before.

Now Q, and I are uniformly bounded operators on W2>(I{."). Since f €
C'(I% and g € C*(1%; I?), and since (16) holds for k € {0, 1,2}, we have 1 Q,, f o
g € W2 (1) with uniformly bounded norm. Letting v = 1Q, f o g in (20), we
get the deS|red result. O

We finally define the algorithm U, approximating S as

Un(f? g) =
d

D (=1 U 12U Quf © Qa8 &) — Unjo O f © Qu.jog: )]

j=1

Note that forany j € {1,...,d}and a € {0, 1}, the functions Q,,f and I Q,, f are
polynomial of fixed degree (depending only on d, r and s) on each K € Qn a-
Hence, the same is true for the function 7 Q,, f 0 0, j..g. Thus forany x I/a , we
can calculate (1 Q, f o Q,,;..&)(x) with cost ©(c). Now we can express U,(f, g)
as the sum of integrals over each K € 2, ;,. Each such integral can be computed
exactly with cost ®(c), since its integrand is a polynomial of fixed degree. Since

we have ® (n) such integrals, the total cost of computing U, (f, g) satisfies
costU, < cn.

We are now ready to complete the proof of Theorem 4.1.

Proof of Theorem 4.1 (conclusion). Recall thatwe haved =1 > 2andr > s > 2.
It suffices to prove that

IS(f, g) — Up(f, g)| < n~mintr/d:s/d=D),
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Let

d
Un(f.8) =Y (1)U, ja(I Quf © 8. 8) = UnjoU Quf o8, )]

j=1

Using (17) and Lemma 4.2, we find that

IS(f, 8) — Ua(f, ) < IS(f, 8) — S(Quf, &) +1S(Qnf. 8) — Un(f, 9l

< nMd 4o/ g mintr/dos/(@-D), (21)

Suppose we can show that

\Up jaIQnf o8 8 —UnjaQnfoQnjag gl <n 4V (22

for j € {1,...,d} and a € {0, 1}. From the definitions of U, and U,, it will then
follow that

Un(f, 8) = Un(f, )| s n™>/@7Y,

which, together with (21), yields the desired result.

So, for j € {1,...,d} and a € {0, 1}, we wish to prove (22). It will simplify
the notation in what follows if we write f = Q,, f and § = Qn,j.a8-

Letx e I¢,*. We have

(Ufog)x)—I(fof)x) = A1(x) — Ax(x),

where

g1(x) _
A1<x)=/0 [f(7. 8200), ..., ga()) = f(7, 82(%), ..., ga(x))] dT

and _
81(x) _ B B
Ar(x) = f F(r, 82(0), ..., ga(x)) dr.
g1(x)
Hence . .
|Un,j,u(1f °g, g) - Un,j,a(lf © §7 g)| = |Bl| + |B2|v (23)
where

B; =/ (Qn,j,aAi)(X)M(x) dx fori e {1,2}.
1:1;1 axj

J:
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We first estimate | B1|, finding

9(82, .- -, &a)

afj (x) dxj < ”Al”Ll([;{;l

)

|B1| < ||Qn,j,uA1||L1(1;{;1) /d

741

J.a
1
< /d 1/0 | f (T, g2(x), ..., ga(¥)) — f(2, 82(x), ..., ga(x))| dT d3;.
17.,;
Since r > 2, the bound (16) yields that £ is a Lipschitz function whose Lipschitz
constant is uniformly bounded. Using (19), we thus have
|Bl| < ”g - g”Loo(Ij(-{;l;Id) < nis/(dil). (24)

We next estimate | B;|. We have

|BZ| < ”Qn,j,aAZ”LDO(I;i;l) <

Loo(If )

g1() _
/ f('f, g2<)7sgd()) drt
8

1(-)

Now for x € 19,%, we have f(-, g2(), ..., ga()) € C(I) with uniformly bounded

J.a’?

C(I)-norm, and so

< lg1(x) — g1 ()|

g1(x) _
/ f('f, gZ(x)v~'-sgd(x))dT
81(x)

Hence
ao _ ) )
H / f(t.820), ..., 84()) drt < g — 81llp a1y
810) Loo(Ih) e
and so
|Ba| <m0, (25)
Using the bounds (24) and (25) in (23), we find that (22) holds, which estab-
lishes the desired bound, and completes the proof. O

Hence we have found the nth minimal error and the e-complexity for all in-
stances of the surface integration problem, with the exception of the cased =1 > 2
and s = 1. What happens in this “minimal smoothness” case?

We give a partial result, which shows that the results in case 3 of Theorem 4.1
hold when d = 2:

Theorem 4.2. Letd =1 =2,r > 1,and s = 1. Then

e(n. SURF-lNT) = nfmin{r/d,s/(dfl)} = nfmin{r/Z,l}

and
—max{d/r,(d—1)/s} —max{2/r,1}

comp(e; SURF-INT) < C ¢ =Ce¢
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Proof. Since the desired lower bounds are found in [12], we need only prove the
upper bounds. From [11], we also know that

e(n; SURF-INT) < n~min-11/2,

Hence, we need only consider the case r > 2. Clearly min{%r, 1} = 1in this case.
Hence, it suffices to exhibit an algorithm U,, with

costU, <cn and  e(U,) <n L (26)
By Lemma 4.1, we have
2 1
S(fe) =Y ) (=18, (If o g, 8)
j=1 a=0

where §; , is defined by (18), so that

1
Sj,a(lfog,g)=/0 [(If)(g(X))a

982
(x)] dxs_;.
.ngj Xj =a

Each S; ,(If o g, g) is a Stieltjes integral of the form fol w(€)du(&), where w €
whee(1) and u € C(I). By a straightforward modification of the techniques
in [10], there exists an approximation S,, ; . (1 fo, g) of S; ,(1f o g, g) such that

costS, ja<Cn

and
|Sj,a<1f °g, g) - Sn,j,a(lf °g, g)l =< nil-
Letting
2 1
Ud(f.8) =D > (=178, . (Uf o g.8).
j=1 a=0
we see that (26) holds, as required. O

Remark. So far, we have found tight bounds on the minimal error and complexity
for all cases, except for the case d =1 > 3 with r > s = 1. Note that we may use
the techniques of [12] to see that if d =/ and r > s = 1, then

nfmin{r/d,l/(dfl)} < e(n; SURF-INT) < nfmin{r/d,Z/(d(dfl))}

and
c gfmax{a'/r,dfl} < comp(e; SURF-INT) < C 87max{a’/r,a'(d71)/2}.
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Of course, these bounds tell us that our problem certainly has finite complexity. If
r =s = 1and d = 3, these bounds become tight and we have

e(n; SURF-INT) = n~ /3

and
comp(e; SURF-INT) < ce~3. O
We may summarize the results of this section as

Theorem 4.3. Consider the surface integration problem with F = F;, ¢, and
G = Gd,l,s,Cz,cz- Let

b — min i’ s _-Ss,l(l —8a1) .
d min{d,l —1}

Suppose that any of the following hold:

o r =0,
o d <,
e d=1=1,

ed=I[>2ands > 2,
ed=I[=2ands =1,or
ed=I[=3andr =5 =1.

Then
e(n; SURF-INT) < n~"

and
comp(e; SURF-INT) < ce Y. O

We conjecture that the conclusion of Theorem 4.1 holds for all values of d, [,
r,and s.

5 Approximation and integration over smooth surfaces

In the previous sections, we have determined the complexity of approximation and
integration over images of the unit cube. Such images necessarily have corners.
What can we say about approximation and integration over smooth surfaces?
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Figure 1: Cellulation of a smooth region

We first note that our results concerning surface approximation and integration
may easily be extended to oriented cellulated regions. Roughly speaking, these
regions are unions

k
=, = Jelu, 27)
i=1
with g1y, ..., ¢g%(19) having disjoint interiors; see [5, pp. 369-370] for a
precise definition. Examples of oriented cellulated regions include d-dimensional
balls (see Figure 1 for d = 2) and spheres, as well as more general smooth regions.
Let us say that an oriented cellulated region is an oriented k-cellulated region
if it is a cellulated region of the form (27). Suppose now that for a given k& > 1, our
class of surfaces consists of oriented k-cellulated regions using maps g4, ..., gl
from G = Gy15.cpc0 Where k € {1,..., k}. Let our class of functions to be ap-
proximated or integrated once again be given by F = F; , ¢,. Our surface approxi-
mation problem now consists of finding, fork € {1,..., k}and [f, g™, ..., gM] €
F x G, ak-tuple U = (U, ..., Uy of functions U (f, g™, ..., Uc(f, g €
L,(1%) such that

e(U; SURF-APP) :=

k 1/q
. , ‘
max sup ( IIGg[{]q[f ogll— U, g[’]ﬂll‘i (M)
1<k=<k[f g1, ... glKkeFxGk i=1 !

(with the usual modification when g = oo) is small. .
Our surface integration problem now consists of finding, for k € {1,..., k}
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and [f, g™, ..., g € F x G*, anumber U(f, g™, ..., g/) € R such that
e(U; SURF-INT) :=

max sup
1=i=kfeq,....q]e Fx G

k
S fde-Utrgt g
1 g[i]([d)

1

is small.

Theorems 3.1, 4.1, and 4.2 hold for this variant of the surface approximation
and surface integration problems. Indeed, for upper bounds, it suffices to approxi-
mate f or integrate f over each gll1(7¢). For lower bounds, it is enough to note that
the nth minimal error increases with & and to use the lower bounds of Sections 3
and 4, which hold for the case k = 1.

The main problem with this approach is that it requires us to specify the k
maps g, ..., gl¥ that define each of our surfaces. This may not be so easy to do
in practice, even for simple regions such as d-dimensional balls.

We may overcome the difficulty of defining such maps ¢, ..., gl by adopt-
ing another approach, which we illustrate for the case of surfaces that are images of
the Euclidean unit ball B, in R'. Then for a function g: B, — R/, we can discuss
approximation and integration for functions f: g(B;) — R. We shall show that
the results for the approximation and integration problems over images of balls are
essentially the same as those over images of cubes.

We first note that when d = 1, we have B; = [—1, 1]. Hence we see that,
ignoring constant factors, the minimal error and complexity for approximation and
integration over images of balls are the same as for these problems over images of
cubes when d = 1.

Thus, we restrict our attention to the case d > 2. The key here will be to note
that B, is the image of 7¢ under spherical coordinates. The spherical coordinate
map T has the form

[T@®)]: = x1<1_[sin nxj> cosmxiy1  (L<i<d-—2),

j=2
d—1

[T (x)]g—1 = x1 ( 1_[ sin erj) COS 2 xg4,
j=2
d—1

[T(x)]s = x1<1_[Sin nxj> sin 2w x,.

j=2

Note that 7 maps 7¢ onto By, but the mapping is not an injection. It is easy to see
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that
d-1

or(x) = |(det VT)(x)| = 2(wx1)? "t ]_[ | sin ;|47 (28)
j=2
See, e.g., [5, p. 268] for further details on spherical coordinates.
We define surface integrals over injective images of B, in the obvious way as

rao = [ (fewo= [ fem)omd,
8(Ba) By By
where o, is defined as in Section 2. By [5, pp. 255-257], we can use the change of
variables formula
/ h(y)dy = / h(T (x)) o7 (x) dx
By 1d
to find that

fdo = / fl8(T )] oy (T () o7 (x) dx,
¢(Ba) 1
where o7 (x) is given by (28).
Next, we define our classes F and G of functions.
For a positive Cy, and for » > 0, we first define F = F;jr’cl as the class of
r times continuously differentiable functions f € C"(B;) that satisfy

| fllcrsy < C1 VfePF.

Here, B, is the Euclidean unit ball in R<.
For positive Cz and ¢, and for s > 1, we define G = G, | , ., as the class of
s times continuously differentiable functions g € C*(By; B;) that satisfy

lgllcsy:B) < Ca and min o, (x) > c3.
XEBy

where o, is as defined in Section 2.

We can now define our two problems as in Section 2, but with the obvious
changes. The surface approximation problem SURF-APP over B, consists of find-
ing, for [f, g] € F x G, afunction U(f, g) € L,(B,) such that

e(U; SURF-APP; By) i=  sup  lo,//[f o g = U(f, &)l B0
[f,.gleFxG

is small. The surface integration problem SURF-INT over B, consists of finding,
for [f, g] € F x G, an approximation U (f, g) € R such that

e(U; SURF-INT; By) := sup
[f,.gleFxG

fdo=U(f.8)

8(Ba)
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is small.

With these definitions in hand, we now specify concepts such as informa-
tion, algorithm, minimal error, cost, complexity, and optimality for SURF-APP and
SURF-INT over B, as was done in Section 2 for SURF-APP and SURF-INT over /<.
Note that since r > 0 and s > 1, the surface integration and approximation prob-
lems, as well as standard information, are well-defined.

Now that we have defined SURF-APP and SURF-INT over balls, we can show
that the results for these problems over balls are essentially the same as for cubes.

We first treat the surface approximation problem.

Theorem 5.1. Consider the surface approximation problem with F* = £}, . and
G =Gy,,cp0c, LEE
min{r, s}
=0
Then
e(n; SURF-APP; B;) < e(n; SURF-APP; Id) =n*

and
comp(e; SURF-APP; B;) =< comp(e; SURF-APP; [9) < ¢ e Y/,
Proof. We first prove the lower bounds

e(n; SURF-APP; By) = e(n; SURF-APP; [7) (29)

and
comp(e; SURF-APP; B;) = comp(e; SURF-APP; 1.

Clearly, it suffices to prove (29). Let U be an algorithm for SURF-APP over B,
using information of cardinality at most n. The inclusion d=%21, € By, tells us
that

e(U; SURF-APP; By) = sup  [log/?[f o g — U(f. &)1l 0
[f.gleFxG

> sup log/[f o g — U(f )1l @very
[f,.gleFxG

= e(U; SURF-APP; dY21)).

Since U is an arbitrary algorithm using information of cardinality at most n, we
see that
e(n; SURF-APP; B;) > e(n: SURF-APP; d~Y/?1,).

Since
e(n; SURF-APP: d"Y/21,) < e(n; SURF-APP; 1),
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the desired lower bound (29) follows immediately.
We only need to prove the upper bounds

e(n; SURF-APP; B;) < e(n; SURF-APP; Id)

and
comp(e; SURF-APP; B;) < comp(e; SURF-APP; I%).

Let [f,g] € F x G. As in the proof of Lemma 3.1, we find that f c g o T €
cmint~s} 14y with uniformly bounded norm. As in the proof of Lemma 3.2, there
exists an algorithm V,, such that

IfogoT —=Vu(fogoTly,gs<sn" and costV, < cn.

Let
Un(fv g) = Vn(f cgo T)

Clearly cost U, =< cn. It only remains to show that e(U,) < n~*. Suppose that
g < oo. Then

e(U,, SURF-APP; B,)

1/q
= sup [/Id 0o(T @) [(fogoT)(x) — Vu(f, )| UT(x)dX:|

[f.gleFxG
< sup [[fogoT —V,(f, g)||Lq(1d) <n k.
[f.gleFxG
The case ¢ = oo is handled in the usual way, completing the proof. O

We now turn to surface integration over By.

Theorem 5.2. Consider the surface integration problem with ¥ = F; . and
G = G;,Z,S,CZ,CZ' Let

o5 =811 —384)
y=minq—, -
d min{d,[ —1}

Suppose that any of the following hold:

o r =20,
o d=1[=1,
o d <,

ed=I[>2ands > 2,
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ed=I[=2ands =1,or

ed=[=3andr =5 =1.

Then
e(n; SURF-INT; By) < e(n; SURF-INT; I9) < n™"
and
comp(e; SURF-INT; By) < comp(e; SURF-INT; I9) < c 71/,
Proof. We first prove the lower bounds
e(n; SURF-INT; B,) = e(n; SURF-INT; I%) (30)

and
comp(e; SURF-INT; By) = comp(e; SURF-INT; I9).

It suffices to prove (30). We recall that integrals of the form
f(x)dx with f >0
1d

or the form

/ [03(x) — 0g(x)]dx with o3 — o, > 0.
14

were used in [11] and [12] to establish lower bounds on e(n; SURF-INT; 1%). Using
the same techniques, we can establish lower bounds on e(n; SURF-INT; d /21 %)
as integrals of the form

/ FO)dy  with £ >0

d-1/2jd

or the form
/ [o:(y) — o, (V)] dy witho; — o, > 0.
d-1/2yd

Since d-Y214 C B, we have

f(y)dyz/ Fordy  iff =0

By d-121;

and

loz(y) —o,(V]dy = / [oz(y) —o,(W]dy  ifoz—o0, = 0.

By d-12],

38



Using these last two relations, along with
e(n; SURF-INT; d Y21,) =< e(n; SURF-INT; I9),

we get the desired result (30).

For the upper bounds, we will show that a simple modification of the known
optimal algorithms for SURF-INT over /¢ yields optimal algorithms for SURF-INT
over B,. The casesd < [ and d = [ need to be handled separately. For the sake of
expository simplicity, we shall only give the details for the case d < [, the changes
for the case d = I being analogous.

Since the nth minimal error is infinite for s = 1, we need only consider the
case s > 2. If r < s — 1, then we can follow the approach at the top of page 458
of [11] to see that we can compute an approximation U, (f, g) of fg(ld) fdo for
which

fdo —U,(f, g)‘ < p~Minnsk/d - gnd cost(U,) = C n.
g%

Indeed, let v = (f o g o T) (0, o T)or, SO that

/ fdo =/ v.
g(B9) Iq

Clearly, v € C"(1¢), with uniformly bounded norm. From [6, p. 36]), we can
calculate an approximation I,,(v) at cost O(cn), for which

‘/ U(x) dx — In(v) < ”v”CV(Bd) n_r/d = ”U”Cr(Bd) n—min{r,s}/d.
Ba
Taking
Un(fv g) = In(l)),
we see that
e(U,) < n="nrsi/dand  cost(U,) = ¢ n,
as required.

So it suffices to consider only the case r > s. Let 2, be a uniform grid on 7¢
with meshsize ®(n~1/¢). Let .7, be a globally C™{s=2.1) tensor spline space of
degree max{s — 1, 2} over 2,, whose (R- or R?-valued, depending on context)
quasi-interpolation operator is denoted by Q,,.

Following the approach in [11], for positive & and 5, we have the expansion

VE=R,E ) +0(E—n)),
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where

s—1
Ry(E. ) =0+ BE —n)
=1

1 d ! 1 1 l‘—§
—_ = /2 _ 5 B
Pr=a <d§) g o —,,@,_1)/2( ; ) (l<t=<s-1.

We will use this formula to approximate

00,¢(T (X)) = /detAg, (T (x)).

We now define our algorithm for the case r > s as

Un(f.8) = Y Unx(f.8)

Ke2,

with

where
Un,K(f? g) =
/K (Qn(f o )(T() - Ry((det Ag, (T (), det Ag, o (+¥)) - o7 (x) dx

for each subcube K € 2,. Here, yX) = T(x%)), where xX) is any evaluation
point in K; for example, it might be chosen as the center of K.

We claim that cost U, is ®(c n). Indeed, det Ay, ,(y) is a polynomial in y.
Hence, detAQng(T(x)) is a sum of terms that are products of powers of x; and
powers of sines and cosines of x», ..., x;. Moreover Q,,(f o g) is polynomial on
each K € 2,,and so Q,(f o g)(T(x)) is a sum of terms that are products of
powers of x; and sines and cosines of x», ..., x; on each K € 2,. Since or(x) is
also a product of powers of x; and sines and cosines of x,, ..., x4, the integrand
appearing in the definition of U, ¢ (f, g) has a closed form antiderivative. Hence
U,.x (f, g) can be computed at constant cost, once we have computed the necessary
function values. Thus

costU, <xcn+12,|- m:ig( costU, x(f, g) <cCn,
Ke2,

as claimed.
Since r > s, we need only show that e(U,) < n—*/?. Let

Vo(f.8) = / (0u(f © ) () 00, () dy

By

_ / (0 © ©)(T(®)) 00,4 (T () o7 (x) dx.

1d
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By the triangle inequality, it suffices to show that

fdo =V, (f,9)| sn™ (31)

g(Ba)

and
|Un(f’ g) - Vn(f’ g)| '\< nis/d- (32)

The proof of (31) is essentially the same as that of [11, Theorem 4.3]. The
major distinction is that we integrate over B, instead of over 7¢. This means that
the integrations by parts that led to [11, equation (19)] need to be in the form

/ 8,»a) = / wn;
By 0Bg

(where n; is the ith component of the outward unit normal to o B;) appropriate for
integration over balls, rather than cubes.

It remains to prove (32). For simplicity, let 4 = f o g and use overbars to
denote interpolants, so that g = Q,gand h = Q,h = Q,(f o g). Now

|Vn(f’ g) - Un(f? g)| %
Z / |h(T (x))] |det Az (T (x)) — det Az (y©)|" o7 (x) dx.
K

Ke2,
Since det A; has a uniformly bounded first derivative and T is Lipschitz, we have
|det Az (T (x)) — det Az (yS)| < 1T () — yE Nl me)
= 1T @) = T &) ey
< e = x® ey < n V4
From the previous two inequalities, we obtain
V9= Uil <07 S [ (T w)] orto ds
Ke2, K

=n" | |h(y)|dy
By

—s/dy T, —s/d
<n¥ InllLyBy <1 s/d,

This establishes (32), completing the proof of the theorem. O

We conjecture that the conclusion of Theorem 5.2 holds for all values of d, [,
r,and s.
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