MATHEMATICS OF COMPUTATION

Volume 77, Number 264, October 2008, Pages 2309-2338
S 0025-5718(08)02103-0

Article electronically published on April 24, 2008

THE POWER OF ADAPTION FOR APPROXIMATING
FUNCTIONS WITH SINGULARITIES

LESZEK PLASKOTA, GRZEGORZ W. WASILKOWSKI, AND YAXI ZHAO

ABSTRACT. Consider approximating functions based on a finite number of
their samples. We show that adaptive algorithms are much more powerful
than nonadaptive ones when dealing with piecewise smooth functions. More
specifically, let F! be the class of scalar functions f : [0,T] — R whose deriva-
tives of order up to r are continuous at any point except for one unknown
singular point. We provide an adaptive algorithm 429 that uses at most n
samples of f and whose worst case LP error (1 < p < oo) with respect to
‘reasonable’ function classes F,! C F;! is proportional to n~". On the other
hand, the worst case error of any nonadaptive algorithm that uses n samples
is at best proportional to n=1/p.

The restriction to only one singularity is necessary for superiority of adap-
tion in the worst case setting. Fortunately, adaption regains its power in the
asymptotic setting even for a very general class F;?° consisting of piecewise
CT-smooth functions, each having a finite number of singular points. For any
f € F2° our adaptive algorithm approximates f with error converging to zero
at least as fast as n~". We also prove that the rate of convergence for non-
adaptive methods cannot be better than n~1/P j.e., is much slower.

The results mentioned above do not hold if the errors are measured in the
L norm, since no algorithm produces small L errors for functions with
unknown discontinuities. However, we strongly believe that the L° norm
is inappropriate when dealing with singular functions and that the Skorohod
metric should be used instead. We show that our adaptive algorithm retains its
positive properties when the approximation error is measured in the Skorohod
metric. That is, the worst case error with respect to .7-'} equals ©(n~"), and
the convergence in the asymptotic setting for F;?° is n™".

Numerical results confirm the theoretical properties of our algorithms.

1. INTRODUCTION

In traditional studies of function approximation one usually assumes that the
functions under consideration are smooth in some sense, e.g., they are r-times
continuously differentiable, and that they form a separable linear space. On the
other hand, functions appearing in practice are very often only piecewise smooth,
and their collection is more complicated than a linear space. An important example
is provided by image representation. Here edges correspond to discontinuities of
the underlying function, and the linear combination of two images need not be any
image of practical interest.
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Much attention has been recently devoted to wavelets that are now considered a
universal tool to deal with images and signals. A given function f (image, signal) is
represented by a few of the largest coefficients of its expansion in a suitable wavelet
basis (or curvelet basis in 2-D); see, e.g., [5, 8,0, [15]. It is also believed that adaptive
methods, that rely on adjusting the choice of the basis to the underlying function
and its discontinuities (edges), are much more efficient than nonadaptive methods
where the basis is fixed for all f’s. Note that the wavelet approach is based on the
paradigm that one has at his disposal all wavelet coefficients of f corresponding to
a given basis. This actually means that complete information about f is available.

In the present paper, we take an information-based approach. It follows the par-
adigm that only partial information about f is available, and that the only source
of information is an oracle; see, e.g., [106, 20, 24, 25 28 29 B0, B2, B3]. This
seems to be more suitable for numerical computations where the oracle calls usu-
ally correspond to function evaluations. In this approach the term adaption means
adjusting the selection of successive oracle calls to the results of previous calls.
Note that superiority of adaptive methods is here far less obvious since so far adap-
tive methods have been mainly developed for integration (and not approximation)
problems; see, e.g., [2, [0, [7, 12| [13], 14} [19, 22| 23]. Moreover, there are theoretical
results showing that adaption does not help for linear problems such as function
approximation. This holds in different settings, including the worst case setting
with convex classes, and the asymptotic setting with Banach function spaces; see,
e.g., [3l 7, 10, B0, BI]. Observe that singular functions of practical interest form
neither convex classes nor Banach spaces. Therefore the results mentioned above
do not contradict the common belief that adaptive methods should be used when
dealing with singularities.

The information-based approach to the approximation of singular functions was
presented in a recent paper [I]. The scalar function f to be approximated is assumed
to be globally continuous, and C"-smooth except for exactly one (unknown) point
at which f’ has nontrivial discontinuity. The authors use the uniform mesh of
size h to construct a nonadaptive approximation which converges to f with error
proportional to A" in the uniform norm. This result means that for singular but
globally continuous functions, adaption does not help in the asymptotic setting,
i.e., nonadaptive methods are optimal.

We consider a class F>° of functions with more general singularities. We assume
that f : [0,7] — R and allow discontinuity of the function itself and/or of its
derivatives starting at order perhaps higher than one, as assumed in [I]. That is, f
may be, say, twice differentiable on [0, T, and f*)(s) may not exist at some point s.
Moreover, f may have more than just one (but finitely many) singular points; their
location and number are unknown. We want to approximate functions f € F>° by

algorithms A, f that use function values at some n points x1,...,x, as the only
available information. We allow adaptive algorithms, in which case the choice of x;
depends on previously obtained values of f(x1),..., f(z;—1).

An interesting feature of discontinuous functions is that it is impossible to ap-
proximate them with small errors measured in the L norm. This should not be
surprising after realizing how inappropriate the L> norm is for such functions. To
see this, let us consider perhaps the simplest discontinuous functions from our class
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E°, indicator functions of subintervals of [0, T] given by

fa(z) = Tpa)(2) = { (1) iiigﬁ%

Since || fo — follL== = 1 whenever a # b, the sequence {f,41/,} does not converge to
fa in the L norm even though both functions are almost identical. In particular,
the function f, cannot be represented with error smaller than 1 (in the L® norm)
in a floating point arithmetic of finite precision, unless a is a machine number.
Indeed, if a # fi(a), then again ||f, — fa(a)llL> = 1, yet fac) clearly is the best
possible approximation/representation of f, one could think of. Even worse, the
constant function f = 1/2 is a better (in the L° norm) approximation to f, than
fa(a)! (See Section [3] for a more detailed discussion.) Of course, one could use L?
norms with finite p, and we indeed do analyze the algorithms using L” norms for
all p € [1,00). However, LP norms may not be adequate for applications where
introduction of false singularities is undesirable.

In other words, one would like to use a distance (metric) that enjoys all the good
properties of the uniform norm, yet is also appropriate for discontinuous functions.
Fortunately, the Skorohod metric distg(+,), see (@), enjoys the desiderata above.
Roughly speaking, the distance between two functions f and g is small iff the
graph of one of them, say f, can be viewed as a slightly perturbed graph of g,
i.e., f is close to g o A for some homeomorphism A that is close to the identity
function id(z) = z, both in the L* norm. Following our example, note that
dists(fa, fa(a)) = la — fi(a)| is small, as it should be. Moreover, for continuous
functions from our class Fi>° (e.g., with discontinuity of derivatives but not of the
function itself), the Skorohod distance is equivalent to the uniform norm. Hence,
one could say that it has the good and practical properties of the uniform norm
without the drawbacks that the norm induces for discontinuous functions. We refer
again to Section 3] for some relations between the Skorohod metric and L? norms.

In our paper, we seek optimal nonadaptive and adaptive algorithms in the worst
case and asymptotic settings, assuming that the error of approximation is measured
in the L? norm (1 < p < o0) or in the Skorohod metric.

We are ready to discuss the main results of the paper. Since they strongly de-
pend on the number of singular points, we begin with the class F! C F° that
consists of functions with at most one singular point. In Section @ we prove that
the best nonadaptive algorithms using n function values have the rather poor con-
vergence rate n~'/? when the LP norms are used, and n~' when the Skorohod
metric is used; see Theorem 2l and Proposition Bl These negative results should be
contrasted with the case of globally C"-smooth functions (having no singularities),
where nonadaptive piecewise polynomial approximation yields the error bounded
by CT" || f)||L= n~" in the uniform norm, for any f and n > 7.

Can we do better by using adaptive algorithms? Definitely YES. In Section
we construct an adaptive algorithm A2¢ that achieves the optimal convergence
rate of n=" for both the LP norms and the Skorohod metric. Moreover, the error
asymptotically behaves as though there were no singularities, i.e., for any f € F}!
we have

(1) lim (1 = A fllgr -0 =Ty 7o
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and
2) lim dists (f, A3 f) - n" =Ty [ £ e,

where v depends only on r and the metric used; see Theorems [3 and [l

We stress that () and (2)) are only asymptotic results. If we switch to the worst
case setting, then the situation is more complicated. For the worst case error to
be of order n™" it is not enough to assume that the rth derivative is uniformly
bounded, which is the case for functions with no singularities. Actually, we prove
in Section [5.4] that for any (possibly adaptive) algorithm A, its worst case error
with respect to the class

{feF 1= <L}

is infinite, independent of whether the LP norm or the Skorohod metric is consid-
ered. Hence, for positive worst case results we have to put more restrictions on f.
Indeed, we show that for our adaptive algorithm A2! we have

sup{ dists(f, A% f) | f € FL £ < Loy |/l < L1} =O(n™")
and

sup{ || — A2 fll ol F€FLNF D poe < Loy [ F |l < L1, [AY| < Do} = O(n77),

where L,., L1, and Dg are finite, and AEP) is the discontinuity jump of f. For the
details, see again Theorems [3] and [, as well as Section [5.4

Our algorithm A2d consists of two steps. First, an adaptive (bisection-like)
mechanism is used to detect and localize singularities; next, a piecewise polynomial
interpolation of degree r — 1 is applied. The detection mechanism is based on
ideas already developed in [2I], where numerical integration of piecewise smooth
functions is considered, and relies on getting some quantitative information about
the singularity by computing rth order divided differences. Roughly speaking,
singularities with big discontinuity jumps are easily detected and localized with
small errors, and those not detected have small enough jumps not to influence the
approximation error.

Next, in Section 6l we consider the general case of functions with multiple sin-
gularities. We show in Section that, unfortunately, the worst case errors of any
algorithm with respect to any reasonable function class from F;>° are bounded away
from zero, independent of the number n of function evaluations used; see Propo-
sition [l In other words, the worst case errors of even optimal algorithms do not
converge to zero. This is because two or more singularity points can be arbitrarily
close to one another, which makes it impossible to distinguish them using a fixed
number n of function evaluations.

Fortunately, the lack of convergence in the worst case setting can be reversed in
the asymptotic setting, as considered in Section Indeed, a modification of 424

—ad
leads to an algorithm Az that replicates the asymptotic properties () and (); see
Theorem
Finally, in Section[7] we report on numerical results that confirm the theoretical

. —ad
properties of A4 and A .
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2. BASIC DEFINITIONS

We say that a function g : [a,b] — R is r-smooth iff g € C"71([a,b]), with
g™ € L>(a, b) continuous almost everywhere. The set of all r-smooth functions
defined on [a, b] will be denoted by W,.(a,b).

For given T' > 0 and r > 1 we consider the space F,>° = F°(0,T) of functions

f:[0,T]—R

that are piecewise r-smooth. Specifically, f € F° iff there exists an integer k =
k¢ >0, points 0 = 59 < 81 < -+ < 8 < Sg41 = T, and functions g; € W, (s;, si41)
such that for all 0 <4 < k and z € (s;, S;4+1), we have

f(@) = gi(x).

Moreover, f(0) = go(0), f(T') = gx(T), and either f(s;) = gi—1(s:) or f(si) = gi(si),
1 <i<k,ie., fisleft- or right-continuous at each s;.

The points s;, 1 < i < k, are singularities of f. The corresponding discontinuity
jumps are denoted by

AP =g (s) - o050, 0<i<r-1

Observe that any f € F>° admits the useful representation

where g € W,.(0,T) and

[ [s;,T] if fis right-continuous at s;,
“ ) (s, T] if fis left-continuous at s;.

Here and elsewhere, 1 4 denotes the indicator function of the set A.
We distinguish in F° the classes F of functions with no more than ¢ singular
points,
Fl={feF>® | k <t}

In particular, F® = W,.(0,T). Obviously,
o0
F) CF'c---CF Cc--- and F*=|]JF.
=0

For fixed ¢ (finite or infinite) our aim is to construct efficient algorithms for
approximating functions f € F¢ in a given metric (distance), choices of which will
be discussed later. We assume that the only a priori information about f is that
f € F*. In particular, the locations of singularities are unknown; when ¢ = 0o, we
also assume that we do not have an upper bound on the number of singularities.
However, together with this a priori information, the algorithms also use some
a posteriori information that consists of finitely many evaluations of f at certain
points z;. For instance, the algorithm may be given as

n

Anf =Y fl@)-fi

i=1
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for some z; € [0,7] and functions f;. These include (piecewise) polynomial or
trigonometric interpolation, splines, etc. More generally, by an algorithm we mean
a mapping of the form

Anf = o(f(z1), .., f@n))
If the points z; are chosen independently of f, then the algorithm is nonadaptive.
An important particular case is provided by the equispaced sampling
1—1
n—1

T

€Xr; — s 1§Z§7’L

We also consider adaptive algorithms in which the choice of the successive z;’s and
their number n = n(f) depend on previously obtained information about f. That
is, x1 is fixed and

z; = xi(f(z1),..., f(zic1)) for 2 <i<n(f).

The index n of A,, means that for any f € F’ the algorithm uses no more than n
function evaluations, i.e., n(f) < n for all f.

Note that our problem is determined by the parameters T', r, ¢, and the metric
with respect to which the error of approximation is measured. Hence the results
will also depend on them.

Throughout this paper we denote by || - ||z (4,5 the LP norm on (a,b), for 1 <
p < oo. To simplify notation, we write L? instead of L?(0,T) if (a,b) = (0,T). The
same applies to the space C of continuous functions and the uniform (Chebyshev)
norm.

We will also say that an « is in [a, b] with respect to f (or w.r.t. f in the sequel),
and write

z €5 [a,b],
iff x € (a,b), or x = a and f is left-continuous at x, or x = b and f is right-
continuous at z. Obviously, if f is continuous at x, then z € [a,b] if and only if
x € [a,b].

3. LP NORMS VERSUS THE SKOROHOD METRIC

It would be desirable to have algorithms that converge fast in the most conserva-
tive uniform L* norm. Unfortunately, L>° approximation is an ill-posed problem
when dealing with discontinuous functions. Indeed, we have the following negative
result.

For a given function f:[0,7] - R, ¢ € R, and u € (0,7, let

Jew == f+elpw-
Clearly, if f € FY, then f., € F/*L

Lemma 1. Let {A,},>1 be a sequence of (adaptive) algorithms. Then for any
function f and e # 0, the set of u € [0,T) for which

Jim e = Anfeulle= =0
is countable.

Proof. 1t is clear that A, f., (with 0 < u < T) takes at most 2" different values.
Moreover, if || fe.u, — gllLe < €/2 for some ug and g, then || fz,, — gllL~ > /2 for
any u # ug. Hence, the error ||f., — ApnfeullL~ can be smaller than /2 for at
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most 2" values of u. Consequently, the error converges to zero with n — oo for at
most countably many f. ,’s. O

The lack of convergence for the L> approximation can be remedied by using
a weaker metric. The first and straightforward choice is LP with 1 < p < oo.
However, there is also another possibility — the Skorohod metric.

The Skorohod metric, see, e.g., [4, [T} 8] 26], was introduced in statistics after
it had been observed that the L°° norm is not adequate for piecewise continuous
functions (processes), since it makes the space of such functions nonseparable, i.e.,
too large. To explain this from a layman’s perspective, let us consider for a moment
functions f1/241/n = ljo,1/241/n)- As n — oo, the functions f/511/, resemble
J1/2 = Lpo,1/2) almost perfectly. Yet ||fi/2 — fi/241/nllL= = 1 for all n. Even worse,
the constant function f* = 1/2 is much closer to fi/o in the L* norm than any
J1/241/n in spite of the fact that fi,, and f* are so different. The LP norms (with
p < o0) do not have these bad properties; however, they ignore singular points,
characteristics that might be important to preserve in some applications, e.g., in
signal /image processing.

As we shall see, the Skorohod metric is free of all the problems above, and
therefore turns out to be a suitable tool for working with discontinuous functions.
It is defined as follows. Let f, g be two functions from L*°. Their Skorohod distance
is given by

(3) dists(f, g) : ([f oA =gllLe + A =idfz>),

= inf

AEH
where id is the identity function (id(z) = z Vz) and H is the class of homeomor-
phisms A : [0, T] — [0, T] with A(0) = 0 and A(T) = T[]

Stating the definition in a less formal way, the Skorohod distance between f and
g is small if there is a change of variables y = A(x) such that f(A(+)) is close (in
the L™ topology) to g, and the change of variables A is close (again in the L™
topology) to the identity function.

Another analogy comes from the heart of numerical analysis: f(A(+)) is a slightly
perturbed input function, and any algorithm producing g close to it is Strongly Nu-
merically Stable. Even a function as simple as f;/3 = l[g,1/3] cannot be represented
exactly in a floating point arithmetic, and the best one can do is to approximate
it by a slightly perturbed function fl/g = ljo,a(1/3)], where fl(1/3) denotes the ma-
chine representation of 1/3. Clearly dists(f1/3, fl/g,) = |1/3 — fI(1/3)] is very small
(bounded by one third of the unit round-off); however, || f,/3 — fiyslles = 1.

We believe that the Skorohod metric is an important way of measuring errors
for a host of applications including image analysis/processing, where preserving
discontinuities is essential. There f(A(-)) would correspond to a slightly distorted
image of f.

Even though ||f — g||r~ and dists(f,g) differ so much, it is possible to show
some relations. Obviously, we always have

dists(f,9) < If — gllze.

1Originally (see, e.g., [18]) the Skorohod metric was defined using the sup (uniform) norm
instead of L°°, however, under the assumption that the functions are right-continuous. It should
be clear that under such assumption, there is no difference between using the sup and the L*°
norms, and our analysis can be carried over.
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The following proposition might be known; however, we have not seen it in the
literature.

Proposition 1. Let the functions f,g € L. If one of them satisfies a Lipschitz
condition with constant L, then

IN

If —gllL~ < max(1,L)-dists(f,g).

Hence,

|f —gllLe = dists(f,g) i L < 1.

Proof. Suppose f is Lipschitz a Lipschitz function. Then for every z € [0,7] and
every A€ H

[f(@) —g(@)] < |f(M)) = g(@)| + [f(2) = F(A(2))]
< |f(M@) = g(@)| + L]z = Alx)]
< max(L, L) ([f(A(@)) — g(2)] + |z = A(@)]).-

Now taking the esssup with respect to = and the inf with respect to A completes
the proof. |

Here is another property showing a relation between the Skorohod metric and
the L! norm. For f € Ff°, let

k
e(f) = max (1, = + 7 3 1A),

j=1

where k is the number of discontinuities of f and A§O), 1 < j < k, are the corre-
sponding discontinuity jumps.

Proposition 2. For any f,g € F° we have

If =gl < min(e(f),c(g)) - T - dists(f, 9)-

Proof. Without loss of generality, let ¢(f) < ¢(g) and the infimum in the definition
of distg(f, g) be attained for A, so that dists(f,g) = ||A —id||pe + |[|f 0 XA — g| L=
(otherwise we would do the standard d-trick). Then

T

/0 (@) — g(@)] de < / FM@)) - f@)] de + / FM@) — g(2)] de

The latter integral is upper bounded by T||f o A — g||r~. To bound the former
integral, we represent f (up to the finite set of discontinuity points s;) as

k
F=p+> a1 g
j=1

where f; € F° N C. Note that || f1]lpe = |||z and

H[SjaT] oA — H[SjvT] = H[Sj>>\_1(sj))
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(by convention, 1,4 = —1p4) when a > b). Hence

T
/O F(M)) — f(2)|de

T k T
< / AO@) - A+ 3 |AD) / |10, 1y A@)) — 110, ()] da
j=1
k
. 0 _
< TIx—id|pe [ £l + D IAD] A (sy) — 5
j=1
k
— T —id] <||f’|L°° LTy |A§°>|),
j=1
which completes the proof. O

Thus, in the Skorohod metric, any sequence of approximations converges at least
as fast as it does in the L> norm, and no faster than in the L' norm.

There are no such relations between the Skorohod distance and the LP norms
with 1 < p < co. Indeed, if f =0 and g, = ljg,1/p], then |[f — gnllzr = n=l/p
converges to zero whereas dists(f,g,) = 1. On the other hand, if f = 17/
and g, = Lo, 7/241/n], then dists(f, gn) = n~! converges faster than || f — g, ||r» =
n=l/p,

4. NONADAPTIVE ALGORITHMS

It is well known that, in the space of r-smooth functions W, = F°, piecewise
polynomial interpolation of degree r — 1 based on equidistant sampling leads to
a nonadaptive algorithm with error bounded from above by C||f)|z~n~" with
C > 0 independent of f and n. Moreover, n~" is the best rate of convergence among
all (including adaptive) algorithms. It turns out that the presence of discontinuities
causes all nonadaptive algorithms to have their errors bounded from below by n~/7.
The purpose of this section is to show this fact.

We first show the following rather simple bounds.

Theorem 1. Let A, be an arbitrary nonadaptive algorithm. Let A > 0.
(i) There exists a piecewise constant function f; € F' such that |A§O)| <A and

1 T \""
4 - A, » > —A :
() 5= Anfiler = 38 (57)
(ii) There exists a piecewise constant function fo € F} such that \A§0)| <A and
(5) dists(fa, Anfa) > + min [ —L—, A
i nf2) > = min [ —— A ).
sts(f2, 2 5 ——

Moreover, there exists a piecewise constant function fs € F? such that |A§O)| +
\Aé0)| < A and

A.

N

(6) dists(fs, Anfs) >
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Proof. Suppose that A, computes f at points z; < --- < x,. Let g = 0 and
Znt1 = T. Then there exist 0 < a < b < T such that b —a > T/(n + 1) and
[a,b] C [zg, Tx11] for some 0 < k < n. Take now two functions, g; = Al (4,7 and
g2 = Al 7). Since g1 and go share the same information (i.e., gi(z;) = ga(;) for
all 1 <i < n)and ||g1 — g2llzr > A(T/(n + 1))'/P, the algorithm error cannot be
smaller than A(T/(n + 1))1/?/2 for at least one of the functions g;. This proves
). Similarly, (B) follows from the fact that for the same functions distg(g1,92) =
min(b — a, A).

To show (@), we choose a,b as before and define g; = 0 and go = Al (,4)/2.
Then, by Proposition [} dists(g1,92) = ||g2]lr~ = A/2, and (@) follows. O

Theorem [is in the spirit of the worst case setting, since a single ‘bad’ function is
selected depending on n. The following theorem shows that also asymptotically the
L? error of nonadaptive algorithms cannot decrease faster than n~='/?. However, we
have the lower bound n~! for the asymptotic convergence in the Skorohod metric,
independently of the number of singularities. As we shall see later, these lower
bounds are sharp. Hence for nonadaptive algorithms, the switch from the worst
case to the asymptotic setting only benefits the convergence in the Skorohod metric.

Let f., be defined as in Lemma [Il

Theorem 2. Let 1 < p < oo. Let {A,}n>1 be any sequence of nonadaptive
algorithms. Then for any f € F° and € # 0 the sets

A= {u € (0,7) ‘ Tim 0P o = Anfealle = o}

and
A= {u € (0,7)

lim 7 - dists(feu, Anfen) = 0}
are of Lebesgue measure zero, i.e., L(A) = L(A") =0.

Proof. We first show the theorem for the LP norm. In view of Lemma [ it suffices
to consider 1 < p < oc.

Note that for any function g the set of u € (0,T) such that |[fz, — gllzr < a
is of measure at most 2(2a/|e|)P. Indeed, for any u,v we have ||fey — feollLr =
le||u — v|'/P. Hence, if ||fe — gllzr < a and |u —v| > (2a/|e|)?, then

[feo —gllee = Nfeuw = fenllee — I feu — gllre
> ellu—v|Y? —a > a.

The proof is similar to the proof of Lemma 4 in [2I]. That is, for ¢ > 0, we define

the sets

By = {u € 0,7) | |fe = Anfeullir < cln+1)77}.
Since the information takes no more than n + 1 different values for functions f; ,,,
the algorithm A4, also takes at most n+1 different values for these functions. Hence

L(BE) < (n+1)2 <€|(n2+‘31)1/p)p —9 <|2;>P

Letting
A= {u € 0.1) | fer = Atfollir < cl+ )P Wiz n},
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we have AS C B, AS C A%, for alln, and A C U°° A¢. Hence
. 2c
L(A) < lim L(AS) <2 ﬂ
n—oo £

Since ¢ can be arbitrarily small, £(A) = 0.
To show the theorem for the Skorohod metric, observe first that

. ) le]
(7) dists (fz,us fe,v) > min <|u v, T |fl|Loc> .
Indeed, let A € H be arbitrary. If A(u) = v, then ||A—id||f~ > |u—v|. On the other
hand, if A(u) # v and [|A —id||pe < |e|/(1 4 || f'||z==), then there exists z € (0,T)
for which
[L10,u)(A(2)) = Lpo,0)(2)] = 1.
Then
[feu(M(2) = few(2)] = [(F(A(2)) = £(2)) + e(Ljo,u) (A(2)) = Ljo,)(2))]

. le]
—Lg- A —id|pee + |e] > ——,
d 1+ [z

Y

which shows ().
The proof then proceeds as for the LP norm by noting that for a < (1/2)le|/
(L+ || f'||Le=) the set of u for which dists(f: v, 9) < a is of measure at most 2a. O

To complete this section, we now show that the estimates of Theorems [I] and
are sharp. For n > 2, consider the piecewise constant approximation

Anonf - f( Ocl +Zf T ]l[c1 1,cl)+f( ) len—1,T]»

=2

where

i1 , .
T; = ! T and Ci = m
n—1 2
Proposition 3. Suppose that f € FT° has exactly k discontinuities s; with jumps
AP 1< <k. Then

(8)
T T \/P T /p [ k
e <y () e () (5
j=1

Furthermore, if k =1 or

T
(9) 2<k<n-—1 and m<r£éi§1\si—sj,
then
(10)
T T
: non < s oo . "N oo (O) )
dists (1, A1) < g5 I < + min (W T+ 17 ), max 1AL

Proof. We first prove (). Consider an arbitrary interval [z;, ¢;], where 1 < i < n—1.
Let P; be the set of all indices j such that s; € [x;,¢;]. Then for any x € [z;, ¢;]

we have o
f - g'L Z A )HIZJ
JEP;
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for some ¢g; € F°NC and I; j = [sj,¢;] or I; ; = (s, ¢;]. Hence
non 0
F@) = (A f)(@)] = |f (@) = f@)] < (@ = 2) | 1= + Y 1A
JEP;
Similarly, for any x € [¢;, x;41], 1 < i <n — 1, we have
non 0
[F@) = (A H)(@)] < (@i = )| = + D AP,
JEQ:

where @); is the set of all indices j such that s; €5 [c;, x;41]. Observe that any s;

is in exactly one of the sets P; or ;. It now follows that the error can be bounded
from above by the sum of two functions: a saw-like function

— ! : .
Alz) = [l min |z — ;|

and the piecewise constant function

n—1

=1 JEP; JEQ:

Straightforward calculations give

T T 1/17
||A||Lp( ) T

2(n—1) \p+1
and
o ) S\ P
e = () (S (o) (0))
() (35)

The bound (B)) is now obtained by adding ||A||L» and || B| L.

We now show (I0). The condition (@) implies that there is no more than one
discontinuity in any [xj,z;11] wr.t. f. Assume without loss of generality that
s; €5 [xj,xj41], where 1 < j < n — 1. (Otherwise we would insert some trivial
jumps.) Then for all z € [z;,2;41] we have

(@) = (A" ()| < 5

s oo (0)

which implies
(1) dists(f, A ) < If = A" Sl < 50— 1 e + o AT,
On the other hand, consider the homeomorphism A defined as the piecewise
linear function interpolating the following data:
A0)=0, XNT)=T, and Acj)=s; 1<j<n-1.
Then

T
—id||fee = P [ —
HA ldHL 1§I}1gar§71 |CJ S]| — 2(7’L _ 1)

Since
Alej, ¢jal) = [s5,8541] for0<j<n—1
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(where ¢cg = s9 =0 and ¢, = s, =T, for any x € (¢;,c;j41) we have
[F(A@)) = (AN @) < (f e (M) — 24
and |A(z) —z;| <T/(n—1). Hence

T
)\_ non o < ! o
R e LI
and

(12) dists(f, AL f) < 5 (142 f ).

T
(= 1)
Combining (1)) and ([I2) we get (I0). O

5. ADAPTIVE ALGORITHMS: SINGLE DISCONTINUITY

In this section, we provide an adaptive algorithm whose worst case error is pro-
portional to n~". Clearly, this is a significant improvement over the convergence
of nonadaptive methods. We stress that this result holds true because we have
restricted the function class to F'. As shown in the next section, adaption loses
its superiority in the worst case setting for classes of functions with possibly more
than one singular point.

Our adaptive algorithm consists of two stages. First, it tries to detect/localize
the discontinuity using adaptive sampling, and next it approximates the function
by piecewise polynomial interpolation at points that depend on the location of the
singularity.

5.1. Detection mechanism. Our mechanism for detecting the singular point s
in (0,7) with ‘large’ discontinuity jumps is based on the one already developed
in [2I]. A theoretical justification of that mechanism is based on Lemma [2] and
Lemma [B] that are basically taken from [21]; however, the formulation of Lemma
is slightly different than the one in [21I]. For completeness, we provide a proof in
the Appendix.

Form > 1,1let h = T/m and ¢; := ih for all (not necessarily integer) i. Denote by
fltistit1, ..., tiy;] the jth order divided difference of f with respect to ¢;,...,t4;.
We also define the constant

o -1
M, = OrélfngAT lloo

where A; = (a;,; (T)):;io with

1+1 r

I—71)
a;,;(7) = ZbliJrrl% and b, = H (w—1)""1.
1=1 :

u#l=0

Lemma 2. Suppose f € F} with the singularity sy € [t k1], wherer—1 <k <
m —r. If the divided differences are bounded by

|[fltistivr, . tigr]| < B for k+1—r<i<k,

then the discontinuity jumps are bounded by

; 1 s .
|A5’j)| < M, (B " ﬁ|f(r)|L°c(tk+l—r,tk+7‘)) S fO?” 0<j<r-1L
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Lemma 3. For any integer i € {r,...,m},
|fltistivrs - tie]] < ZZ_SI?SE%;HT|f[fj/27t(j+1)/2,-~-7L‘(j+r)/2]|~

Suppose now that the conditions of Lemma [2] are satisfied, i.e.,

(13) sf €f [tr—1, tm—rs1].

Then we can compute all possible divided differences d := f[t;, ..., ti1,], 0 < i <
m — r, and compare them to a given threshold D. If none of them exceeds D, then
by Lemma 2l with B = D, the discontinuity jumps are ‘small’, i.e.,

. 1 .
(14) AP < M, (D+—.Ilf<”llm) Wl 0<j<r—1.
T.

Otherwise, if the largest |d?| exceeds D, then we can perform a few, say , bisection-
like adaptive steps (with the use of Lemma []), each time decreasing the mesh-size
twice, to find ¢ such that |d| := | Fltq/2ms - - s E(gr) s2=]] = D).

Now, if |d| < || £z~ /r!, then by Lemma 2 with B = || f(")||» /7!, we have

N oM, .
(15) |A§»])| < T”f(r)HLoo h"™7 forall 0<j<r-—1,

and if |d| > || £ /7!, then

(16) s €5 [tasans tgrr)2x]-
In addition, if (18] holds, then f is r-smooth on [0,%,/2+] and on [t(g4y)/2x, T].
Obviously, for fixed f € F! with nontrivial discontinuity of one of the derivatives
f (j), where 0 < j < r —1, condition ([I3]) is satisfied for the mesh-size h sufficiently
small (or m sufficiently large). Even more, if D < oo, then for h small enough
the largest |d?| exceeds D so that we only have ([H) or (I6). However, we aim at
stronger, nonasymptotic results and therefore have to extend applicability of the
detection mechanism to the intervals (t(,_1)/on, tr—1] and [ty —p i1, tpoe(r—1)/2+). As
we shall see, this is sufficient to construct an algorithm with small worst case error.
The extension works for m > 2(r—1) and is done by computing additional divided
differences with decreasing mesh-size in the vicinities of 0 and 7. Specifically, for
1<j<kK,0<i<2(r—1),and 29m —3(r —1) —1<i < 2/m —r we compute

d] = Fltijes, tir1)/2s - - tagryj2i)-
If sp €f [tir—1)/2i ,_t(r_l)/gj_1] and |dﬂ < D for all i (or sy €5 [ty—(r—1)/25-1,
tm—(r—1)/27] and |d]| < D for all i), then Lemma 2 can be applied with B = D and
the mesh-size h replaced by h/27.
Observe that the detection mechanism with additional divided differences uses
(m+1) 4+ &(r+2[3r/2])

function evaluations in the worst case.
Before providing a corresponding pseudocode, we comment on the choice of the
threshold D. Observe that if

(17) D < |If |z /7!

and sy €5 [(r — 1)h/2%,T — (r — 1)h/2%], then either inequalities (I5]) hold true,
or sy €5 [gh/2%, (¢ +r)h/2"] (or both). It is clear that the best choice of D would
be D = ||f")| /7! since then the adaptive steps are performed only when the
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singularity has been detected. Unfortunately (a good estimate for) ||f(")||pe is
usually not available, and this is what we also assume in the present paper. In
such cases, to avoid a possible overestimation of |A5,j )| in (I4)), one can take D = 0.
Then ([I7) holds for any f; however, the detection part is triggered regardless of
whether f has a singularity or not.

In the following procedure the parameters are: the smoothness r, a positive
integer sequence {Kp, }m>1, and a threshold D.

00 procedure DETECT;

01 begin

02 input m > 2(r —1); h:=1T/m;

03 K= Km; 0 :=(r—1)h27"%

04 fori:=0tom—rdod = f[ti,...,tixr];
05 for j :==1to x do

06 begin

07 for i :=0to 2(7’ - 1) do dz = f[t,b'/2j, ce ’t(i+,’n)/2j};
08 for i:=2/m—3(r—1) —1to 2m —rdod! == fltijsi,... tarr 2]
09 end;

10 (i*,5%) := arg max, ;) \df|,

11 if |df < D then return 0 else

12 begin

13 for j :==j"+1to x do

14 begin

15 fori:=0tordoe; := f[ti**i/gj, oty iy 29 s
16 i*:=14* + (arg max; |e;|) /27

17 end;

18 vy = max(,i*h); v, := min((¢* + r27")h, T — §);

19 return [v;, v,]

20 end

21 end.

5.2. Adaptive piecewise polynomial interpolation. In this section, we define
and analyze the error of piecewise polynomial interpolation that is based on the
adaptive partition of [0, 7] produced by DETECT of Section (11

For fixed points 7; satisfying

0< MM << <7 <1,

let P,.(f;a,b) be the polynomial of degree at most r» — 1 interpolating f at a +
7j(b—a), with 1 < j <r. Further, for any collection U of points up < u; <ug < ---
< ug, let P.(f;U) be the piecewise polynomial interpolation of f determined by
U, i.e.,
k
57“(.]0’ U) = Z ’Pv"(f’ Uj—1, ul) 1 [wi—1,us)"
i=1
Fix a threshold D > 0 and an integer sequence { &, }m>1 satisfying k., > log,(r—1),
so that

T
Om = (r—1)h27" < — for all m.
m
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Our algorithm A2 is determined by 7, {K, }:m, and D, and is defined as follows.
We choose m > 2(r — 1) and run DETECT. If the procedure returns (), then we let

Up i ={t; | 1 <i<m—1}U{0,, T — o}
and
Adf = Po(fiUn)
+£(0) Los,,/2) + f(0m) Lis, /2.6,)
+ f(T = bm) Lig—s,, 7—6,,2) + F(T) Lizs,, j2.17-

Otherwise, the procedure produces an interval [v;, v,] with 6, < v < v, <T — §p,.
Then we let

Ufn ={t|1<i<m-—-1,t <uvu}U{0m, v},
U ={t;|1<i<m-1,t >v.} U{v,, T — 0},
and construct our algorithm as
‘A?Ldf = f7"(f§ len) + ﬁr(f; Urrn)

+f(0) ﬂ[0767n/2) + f((sm) ]1[6771/216711)

L) Lo oito,y/2) + F(0r) Lo /2,0,)

(T = 0m) Vs, 76,72 + F(T) Liz—s,,/2.17-
That is, A2df is the piecewise polynomial of degree r — 1 except on [0, 6,,], [T —
0m,T], and [v;,v,] (if this interval is created), where it is given by a piecewise

constant function.
Note that in the worst case the algorithm performs

n=n(m):=r+1)(m+1)+km(r+2[3r/2])+1

function evaluations (those related to the detection mechanism plus those related
to the piecewise polynomial interpolation).

To analyze the error of A2d, we need some auxiliary results. Let 1 < p < oco. It
is well known that if f € W,.(a,b), i.e., f is r-smooth on [a, b], then

(18) If = Pr(fi a0l pop < @ |F) po(ap) (b—a) /P,

where

1 ks
a=a(rp) = | I -7l
j=1
(Here and later we adopt the convention that 1/p = 0 when p = 0.)

Inequality (I8) can be easily generalized to the case of functions with one singu-
larity as follows. For 0 < j <r —1, let

LP(O,l).

aj = a;(r,p) = Jpax, 65,5 = Pr(d4,550,1) || Lr (0,1
where
(z—s)

¢j,s($) = ;! ﬂ[s7T] (33)

Then we have the following bound, the proof of which is in the Appendix.
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Lemma 4. Let 1 < p < . Let f € F! with the singular point s¢ € [a,b] and
discontinuity jumps A , where 0 < 7 <r—1. Then

If —Pr(f;a, b)HLp(a,b)

r—1
< @ [ fOlpean (b= a) P £ Y g |AP (b a) .
7=0

We are now ready to state and prove the main result about the L? error of our
adaptive algorithm. Let

|f<r>|m> |

r!

Dy —max(

Theorem 3. Let 1 < p < oo. If the sequence {Km}m>1 satisfies k,, = O(m),
then A2 uses n = O(m) function evaluations. Furthermore, for any f € F} and
m > 2(r — 1) we have

(19) If = A fle < C (Dym™" + 6,7 (AP] + 8ullfll~))
for some C independent of f. If in addition

(20) lim K, — (rp — 1)logy m = o0,

then

(21) lim [|f = Ay fllze -m” = T a | f7]| 0.
m—00

Proof. First consider the case when sf is w.r.t. f in one of the ‘small’ subintervals
[0, 0], [T — 0], or [vy,v,], each of length at most &,,. Then the LP error of 424
can be upper bounded by

51""1/?

mllf o

S , 5" ()

where the three successive components of the sum are: the LP error outside of
the ‘small’ subintervals derived from (8], the error on the two (or one) ‘small’
subintervals not containing s; (which follows from (&) of Proposition Bl with n = 2
and T replaced by d,,,), and the error on the ‘small’ subinterval containing s (which
again follows from (8))).

Now consider the second, opposite case when sy is w.r.t. f in one of the ‘large’
subintervals of length at most h. This is possible only when all the divided dif-
ferences computed in lines 04 to 09 of DETECT are not larger than D¢ and, con-

If =A%l < TP f")|Leh” +2-

sequently, the jumps \A;j)| < 2M,D¢h"~7. Hence in this case, the error can be
bounded by
1+1/p

If = &t fler < TVPalfOllh” + 3 5t

r—1
()
=0

J

+(all =+ 2
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where the last component of the sum is the error on the ‘large’ interval containing
sy, derived from Lemma @] and inequalities (I4) and (I5).

Inequality (I9) is now obtained by combining both cases.

To prove (21I), observe first that sy € [v;,v,] for sufficiently large m. For any
interval [t;_1,t;] that has empty intersection with (0,d,,) U (v, v.) U (T — 6, T)
(i.e., except for 3 or 4 intervals), the approximation (A2f)(z) = P.(f;ti_1,t:) ().
Hence for any such interval the error can be bounded by

alfOEDP < = Anfllpoe a0 < alfOEDIRTHP,

i—1,bq

where &,& € [ti—1,t]. Since by (20) the error on the ‘small’ subintervals is
asymptotically negligible, it follows that

BT = A = S = A I

i=1

can be asymptotically bounded from below and from above by Riemann sums

> ha?| ()P

j=1

of the function o?|f("[P. By definition of the space, any function f € F> is
Riemann integrable. (If necessary, we formally set zero for f(") at points where this
derivative is not defined.) Hence we obtain (ZI]) by letting m — oo. O

A corresponding result about the error of A2d with respect to the Skorohod
metric is as follows.

Theorem 4. For any f € F} and m > 2(r — 1) we have
(22)  dists(£,A2F) < € (Dym™ + 8l + min(dm, [AF]))

for some C independent of f. Moreover, if

lim Ky, — (r — 1)logym = oo,

m— 00

then
(23) lim distg(f, A2 f)-m" = T" a||f™)| pe.

m—00

Proof. First consider the case when sf is in one of the three ‘small’ intervals of
length §,,,. We can assume without loss of generality that s; €y [v;,v.]. Then,
taking A = id we have

dists (f, A2 f) < max(A<0>|+ s all 7 e h’)

On the other hand, define the homeomorphism A as the piecewise linear interpola-
tion of the data: )\( ) =0, MT) =T, and A(c) = sy with ¢ = (v; + v,)/2. Then
IN = 1id|| e = 6:/2. For & ¢ (v, v,) the error can be estimated as

[f(M@)) = (AN ) (@)] < [FA@) = f(@)] + [f(2) = (A f) ()]

< Sl [l Lee if x€[0,0,]U[T —0dpm,T],
- Sl £/l /2 + || £ || pos BT otherwise.
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For x € (v;,v,) we show, similar to the proof of (I0), that the error is at most
Om || f' L. Thus, in this case we also have
dists (£, ARf) < A —idllze +[If o X =AYl
< B 1) e (S ol =)
Now consider the case when s¢ is not in any of the ‘small’ intervals. Then we
have (Id)) or (IH) and
dists (f, Ay'f) < |If = A3 fllze

2Mr r—1 )
ol Zaj Dy |h
! =

Inequality (22) is obtained by combining both cases.
To show ([23]) we use arguments similar to those in the proof of (ZI). O

6m ‘s
< max | FF e | el SO +

5.3. Worst case setting. The bound (I3) in Theorem [ establishes the following
result in the worst case setting. Let F, be the class of functions f € F! with

uniformly bounded jumps |A500)\ and first and rth derivatives of f, i.e.,
Fr = F L. Ly, Do) = { f € F} [ If | < Lo, | £l < L1, |AP| < Do }

for some finite Ly, L,, and Dy. Then the worst case LP error of A2 with respect
to F! satisfies

s

sup [|f — A3 fllr < C-n7,
feF}k

where C' is independent of n and f (but it depends on L,, L1, Dy). Similarly, for
the Skorohod metric we have

sup dists(f, Ay < C-n7m
feri
with respect to the class
Fl = F}HLr,Li,00) i= {f € F} [ |fDllee < Loy [| £ < Ln }.
Note that F} C .7:'}

Remark 1. Tt is clear that the adaptive algorithm A2d can be generalized by apply-
ing interpolation (or extrapolation) by polynomials of order s € {0,1,...,r} in the
intervals [0, 0,,], [v1,vr], [T — Om,T| (where zero approximation is used for s = 0).
It can be shown that the L? error of such a modified algorithm .Z?Ld can be bounded
as

~ s_l .
R P (P P O SRR AT P ) )

j=0
where dependence on the successive discontinuity jumps |A§cj )| rapidly decreases

(e.g., if Ky, = m, then 5,1,{ P vanishes at an exponential rate). Consequently, we have
the corresponding worst case results for the classes

FHs) = AF € B LIF O o < Lo AP < Dj 0 < < s = 1, f9 = < Ly }.
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We chose to work with s = 1 for a number of reasons. First, dependence of the
error on quantities other than f() is practically negligible. Second, if k., increases
faster than log, m and slower than m, then the same algorithm 424 (i.e., with the
same set of parameters) satisfies the estimates of Theorems Bl and @l Third, in the
Skorohod metric, the algorithm .Zfld does not work well for s = 0, and taking s > 2
is useless because in this way dependence on f’ cannot be removed from the error
formula, due to the L* norm of the homeomorphism A.

5.4. Lower bounds. It is well known that for functions with no singularities (f €
W, = F°) the worst case LP error (1 < p < 00) is of order n~" with respect to the
class of functions with uniformly bounded | f()|/z~. Moreover, this convergence
cannot be improved, and uniform boundeness of the rth derivative is crucial.

One can ask if a similar result holds true in F}!. That is, if it is possible to
construct an algorithm with the worst case error of order n™" in the class

Fr = FHLy,00,00) = {f € F | |[f™|p= < L, }

that is larger than F} and F!. Unfortunately, the answer to this question is neg-
ative since any algorithm has an infinite worst case error even for the subclass
F2(0,00,00). To show this, let g; and go be two r-smooth functions that will be
specified later. Consider the following functions dependent on g;’s and parameter-
ized by s € (0,T):
Js == g1 Lpo,s) + 92 Ls 77

Of course, they belong to F!. Let A, be an arbitrary adaptive algorithm that
evaluates f at n points ; = x;(f(z1),..., f(z;-1)). To simplify the notation, we
will write z; = z;(f). Since the value of fs at « depends only on whether z < s or
r > s, we have that

U {xl,:c2<fs>7...,xn<fs>}‘ <ol

s€(0,T)

Therefore, there is an interval (a,b) C (0,T) of length T2~™ that contains no point
zi(fs), ie.,

b—a=T2" and (a,0) N | J {z1,22(fs), ., 2n(fr)} = 0.
s€(0,T)
This means that the algorithm A,, cannot distinguish between the functions f,s
and fp_s (for sufficiently small ¢), and its error is bounded from below by || fo+s —

Jo—sllr/2 and dists(fats, fo—5)/2, respectively.
Now consider g; = 0 and go = Dy. Clearly, f,1s and f,_s belong to F} (0,0, Dy),
which is a very small subset of F!(0, o0, 00). Since

| fats — fosllLe = Do(T27" — 25)/7,

we have
-DO —-n 1/17 _
sup lf—Anfllze > E3 (T27™) and sup | f—Anfllr = o0
f€F1(0,0,Do) FEFL(0,0,00)

for any algorithm A,,. The result above does not hold for the Skorohod distance
since the class F!(0,0,00) admits an adaptive algorithm with its worst case er-
ror equal to T27". Therefore to get a meaningful lower bound, we use different
functions g;. Namely, we take ¢1(z) = Ay + Lz and g2(z) = As + Lz for some
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constants A; and L. Note that if M(a 4+ ) # b — 0, then || fass 0 XA — fo—s|lpe >
|A; — As|. However, when A(a + §) = b — 4, then ||A —id|jp« > b—a — 20
and || fa+s © A — fo—sl|lpe > |L|(b — @ — 25). This shows that dists(fa+s, fo—s) >
min(|]A; — As|, (L] + 1)(b — a — 26)). Note that for both functions, |A; — Ag| is
the discontinuity, L is the norm of the first derivative, and the norm of the rth

derivative is zero. Hence we conclude that

1
sup dists(f, Anf) > = min (Dy, (1+ L1)T27")
FEF}(0,L1,D0) 2
for any algorithm A,. In particular, sup ¢ g1 (0,00,00) dists (f; An f) = 00, as claimed.
These lower estimates show that uniform boundeness of only || £ ||z~ is not

sufficient for the worst case error (measured in the L? norm or the Skorohod metric)
to be finite.

Remark 2. The convergence rate n~" cannot be improved, not only in the worst

case, but also in the asymptotic setting. This follows from the general results of
Trojan [27] that can be rephrased as follows. Let {A,}, be an arbitrary sequence
of algorithms and {~,}, be any positive sequence converging to infinity (however
slowly). Then the set of f € C" for which limsup,,_ o ||f — Anfllzrn”/yn < 00
is nowhere dense. Although the results of [27] were proven for errors measured
in norms of Banach spaces, due to Proposition [Il the same result holds for the
approximation problem with the Skorohod metric.

6. ADAPTIVE ALGORITHMS: MULTIPLE DISCONTINUITIES

In this section, we consider functions with possibly multiple singularities. Unlike
the case of one singularity, the results now depend significantly on whether the
problem is considered in the worst case setting or in the asymptotic setting.

6.1. Worst case setting. A natural generalization of the class F} to the case of
multiple discontinuities is

r —~(0)
Ftog=Ft (L, L1, Do) i={f € FL [ ||f" < Ly, | f Iz < L, ||A} |lg < Do },

where cho) = (Ago), e A,(C(i)) € R*7 is the vector of all discontinuity jumps of f,

_(0) kf 0 1/q
= (Ta0r) T e,
j=1

~(0)

0
and |[A% |l = maxi<j<k, [AL].

Let AX°™ be the nonadaptive algorithm from
Proposition Bl Due to (), for £ < oo the worst case error of A" over Ff is
bounded as
sup || f = A2 fllor < Co-n P,
feFt,

Surprisingly, this error bound cannot be improved by any other (adaptive) algo-
rithm. We also have that for the worst case approximation in the Skorohod metric
with respect to the class

ﬁf = ﬁf(Lr,Ll,OO) = {f € Ff' ”f(r)”LOo <L, ”f/HL"" <L }7

the error equals infinity.



2330 L. PLASKOTA, G.W. WASILKOWSKI, AND Y. ZHAO

Proposition 4. Let 2 <{ < oo and 1 < g < co. For any (adaptive) algorithm A,
using n function evaluations we have

1) 1-1/ T\
— A flle > Do2 YV gj2| 1 [ ——
fzgq”f fllzr = Do 1£/2] <n+1)

(with the convention that co® = oo for a > 0, and oo® = 1) and

sup dists(f, A, f) = co.
feFt

Proof. Let 1 < 29 < -+ < z, be the points at which the function values are
computed for f = 0. Let 0 < a < b < T be such that b —a > T/(n + 1) and
[a,b] C [Tk, Tr11] for some k (where g =0, zpy1 =T).

For 2 </ < oo, we denote k := [£/2] and A := Dy(2k)~/%, and define

k
b—a
= A 1 b_si 0 .
f ; (a+8§,b—85)s 0<o< o
Observe that fi := f* and f_; := —f* share the same information, and they are

both in F} . Note also that fi(z) = Ak for any = € (a + 6k, b — k). Therefore,
for any d, the worst case L? error of A, is at least

1 1/ 1) 1-1/ T CINP
Z _ > g -1/p > —1/q -1/q ( _ 2 _ Z )
2||f1 f71HLP 7Ak(b a 2(5k) 7D02 |_€/2J (n+1 20 \‘2J)
The bounds for ¢ = co are obtained by taking ¢ — oo above.

For the result in the Skorohod metric it suffices to note that for arbitrary Dy the
worst case error is at least

1 1
5 dists(f1,0) = 5Doz—l/q |e/2]1 1/,

Remark 3. Consider the classes

~ ) )
Frals) ={F € EL [ 1fVNle < Ly, |87 llg £ Dj,0 < § < s = L||If| 1 < L}
that are generalizations of JF}(s) from Remark [[l Observe that Proposition [ also
remains valid in fﬁq(s) with 1 < s <r, since the functions constructed in the proof
belong to those classes. The situation is slightly different for s = 0, where, for any
A,,, one can show that

1/p
sup Hf - AanLP > LoTl/p min <(M) ’1>

FEFLL(0) n+1

and

1
sup dists(f, Anf) > = Lo.
FEFL ,(0) 2

The results of this section can be summarized as follows. In the worst case
setting, adaption helps for the classes F only when ¢ = 1. This is in agreement
with the corresponding results for the integration problem; see [21].

Fortunately, adaption regains its superiority in the asymptotic setting discussed
below.
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6.2. Asymptotic setting. In this section, we show that the convergence rate of
n~" can be preserved even in the class F;>°, if we switch from the worst case setting
to the asymptotic setting. That is, instead of fixing n and considering the ‘worst’
functions, we have a sequence of algorithms A,, and, for a fixed function f, we
inspect how fast the error goes to zero when n — oco. We assume that f € F>°,
i.e., the only a priori knowledge used is that f is r-smooth except at a finite (but
unknown) number of singular points.

Since the number of singularities is unknown, the DETECT procedure of Section
B IIneeds to be modified to accommodate this situation. For a given m, our modified
procedure will work as though there were up to £, singularities, where ¢, converges
with m to infinity. Moreover, as we look at the asymptotic behavior, the procedure
will not need to sample with increasing resolution in vicinities of 0 and T'.

Indeed, for sufficiently large m (depending on f) we have that £, exceeds the
number kj of singular points of f. Moreover, h = T'/m is small enough to separate
those singular points, and to separate them from the boundary of [0, T]. Then the
detection mechanism works for each of the singular points as though it was unique.

The modified detection mechanism is given by the following pseudocode, where
the parameters are: the smoothness r, a threshold D, and positive integer sequences
{Em}m>1 and {l;, }>1. It returns the set V' of subintervals suspected to contain
essential singularities. S is an auxiliary set of indices.

00 procedure DETECT;

01 begin

02 input m > (r —1); h:=T/m; S:=V :=0;
03 K= Km; L:=Llny;

04 fori:=0tom—rdod; := flti,... , tits];
05 while (|S| < £) and (max; |d;| > D) do

06 begin

07 i* = arg max; |d;|; S = SU{i*};

08 for i := max(0,:* — r 4+ 1) to min(i* +r — 1,m — r) do d; := 0;
09 end;

10 for every ¢* € S do

11 begin

12 for j:=1tox do

13 begin

14 fori:=0tordo €; = f[t,ﬁJri/Qj, cen 7ti*+(i+r)/2j];
15 i* =% + (arg max; |e;|) /27

16 end;

17 vy = h; v = (1 +r278)hy

18 V=V U{[v,v]}

19 end;

20 return V

21 end.

The resulting algorithm AZ relies on piecewise polynomial approximation of
degree r—1, except for the subintervals in V', where it is given by piecewise constant
approximation. Of course, there are up to ¢,, detected subintervals.
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Formally, Zad

» s defined as follows. Let

P, = U (vj,vr)

[vg,vr]EV
and
Unm ={v,v | [,0,] €VIU{t;|]0<i<m,t; & Pn}.
Then
Zidf = Pr(f;Un)lioonp, + F(T) 11y
+ Y FO) Ly o2y + FO) L) /200,)-
[vi,vr]EV

Observe that in the worst case, the number of function evaluations is now at
most

n=n(m)=r+1m+rly,(kn+1)+ 1
We have the following theorem, the proof of which follows from our discussion
and the proofs of Theorems [ and @l

Theorem 5. Let lim,, o ¢, = 00 and bk, = O(m). Then ./Tlid uses n = O(m)
function evaluations. Additionally,
(a) if impy,— o0 £m — (rp — 1) logy(m) = oo, then

. —ad . .
Jim ||f =& fle - m” = T a(rp) £, 1< <o
(b) if limy,— o0 K — (r — 1) logy(m) = oo, then

. . —ad r r r
im_dists(f, A, f) - m" = T" a(r,00) | £ .

7. TEST RESULTS

—ad
We implemented and tested both A2¢ and A" algorithms for regularity r = 2,4
with errors measured both in the Skorohod metric and the Lo norm. We report the
test results for the following four functions:

| z(sin(z) +0.1), x € [0,m),
(@) = { (xs— 2m)(0.1 —sin(z)), =« € [, 27],

folz) = sin(8z)/16 4+ e 1012~ 2 ¢ [0, 7],

5
fra(@) = e @V 1S AO 1 (@), « € 0,7,
j=1

The functions f3 and f; have five singular points with the same discontinuity jumps
given by A AP AL AP AL AL = [0.8,-0.14,0.06,-0.1,0.2] and with
singular points given, respectively, by s; = jm/6 for fs, and [s1,s2, s3, 54,55 =
[7/6,7/6 4 0.03,7/2,7/2+ 0.07,7/2 + 0.073] for f,. Note that the singular points
of f3 are evenly spaced, whereas singular points of f; are clustered, s; ~ so and
S3 ~ S84 ~ Sj5.

For interpolations P,.(-, a, b) we used points equidistributed over (a, b) (including
the endpoints). All the tests are performed under the choice of

o = [21 % (logy (m) — log, (T)].
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F1GURE 1. Graphs of test functions

When estimating the Skorohod distance, we used the corresponding piecewise linear
interpolation as A. Unless stated otherwise, we set the parameter D = 0 to show
that the algorithms work well even for this most conservative choice of D.

The tables provide the total number of function evaluations used (denoted by n)
as well as the estimated errors (denoted respectively by sko_dist and 12_error).

We begin with the first four tables, where the results for r = 2 and r = 4
are provided, respectively, in the left and right parts. The function f; has only
discontinuity at s; = 7, with the discontinuity jump 0.27. Table 1 clearly shows
that the errors of A2 are proportional to m ™" and that n is proportional to m(r—1).

The function f> has only one singular point, sy = 1; however, this time \A§0)| =0
and |A§1)| = 32. Also here, the errors are proportional to m~", and n is close to
m(r — 1); see Table 2.

TABLE 1. Errors of A2 for f

m n sko_dist 12_error n sko_dist 12_error
50 | 129 6.13E-03 7.57E-03 | 515 6.14E-07 1.57E-05
100 | 203 1.53E-03 1.89E-03 | 777 3.83E-08 6.95E-07
150 | 271 6.80E-04 8.42E-04 | 997 7.56E-09 1.36E-08
200 | 327 3.83E-04 4.73E-04 | 1189 2.39E-09 3.07E-08
300 | 445 1.70E-04 2.10E-04 | 1559 4.72E-10 5.18E-10

. . . . —ad
Since the functions f3 and f4 have five singular points, we use them to test .Ai
with
m

tm) = 2rlogy(m)’
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TABLE 2. Errors of A% for f,

m n sko_dist 12_error n sko_dist 12_error
50 | 159 5.16E-02 1.35E-02 | 643 2.14E-04 4.15E-05
100 | 233 1.90E-02 4.16E-03 | 905 1.91E-05 3.34E-06
150 | 295 1.07E-02 2.27E-03 | 1123 4.73E-06 8.34E-07
200 | 357 5.80E-03 1.16E-03 | 1317 1.43E-06 2.36E-07
300 | 469 2.91E-03 5.70E-04 | 1685 3.16E-07 5.24E-08

In addition to the errors and the number of function evaluations, we provide the
number of subintervals chosen by the algorithm in the detection process. This
number is marked by n_sin in the second and the sixth column. Since D = 0, it is
not surprising that the number n_sin of detected subintervals equals [£(m)].

Tables 3 and 4 show that the errors are quite large unless m is large enough. For
f3 we have the errors not proportional to m™" until m = 150 for » = 2 and m = 400
for r = 4. The corresponding values of m are even much higher (in the thousands)
for fy. This is because the singular points of f; are clustered and require a very
small spacing h in order to be distinguished from each other during the detection
stage. Nevertheless, both tables are consistent with our theoretical results on the
worst case and asymptotic settings for functions with multiple singularities: the
former setting does not work, but the latter does.

TABLE 3. Errors of ./Tlid for f3

m | n_sin n sko_dist 12_error | n_sin n sko_dist 12_error
100 3 227 6.54E-02 1.14E-02 1 471 1.99E-01 1.91E-02
150 5 391 1.10E-04 7.42E-05 2 827 1.25E-01 2.35E-02
200 6 501 6.16E-05 4.07E-05 3 1207 9.93E-02 7.34E-03
250 7 629 3.94E-05 2.57E-05 3 1393 9.65E-02 1.02E-02

9 4

1 5

300 1787 5.35E-02 5.49E-03
400 1 2369 2.35E-11 1.30E-11

805 2.74E-05 1.82E-05
1039 1.54E-05 1.01E-05

TABLE 4. Errors of ./led for f4

m | n_sin n sko_dist 12_error | n_sin n sko_dist 12_error
100 3 227 8.56E-02 1.49E-02 1 471 1.97E-01 2.11E-02
500 13 1307 7.55E-02 3.46E-03 6 2975 8.32E-02 1.46E-03

1000 25 2751 T7.14E-02 3.11E-03 12 6335 9.10E-02 1.31E-03
2000 45 5511 6.17E-07 4.06E-07 22 12819 3.80E-14 2.06E-14
4000 83 11139 1.54E-07 1.01E-07 41 26021 2.89E-15 1.31E-15

In the rest of this section, we discuss how the choice of D and/or £(m) affects the

efficiency of the algorithm. This is illustrated by the errors of sz for the function
f3; see Tables 5 and 6. We begin by discussing the choice of D.

As mentioned before, a good choice would be || f(") || /7! or its decent estima-
tion, which in some cases might be impossible to get. In such cases one could use
the most conservative choice D = 0 (as we have done above). However, then, too,
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TABLE 5. Different D and ¢(m) for f3 and r = 2

m | n.sin n sko_dist | n_sin n sko_dist
D=0 (=1 D=1 (=14
100 3 227 6.54E-02 3 227 6.54E-02
150 5 391 1.10E-04 5 391 1.10E-04
200 6 501 6.16E-05 5 451 6.17E-04
250 7 629 3.94E-05 5 521 3.95E-05
300 9 805 2.74E-05 5 581 2.74E-05
400 11 1039 1.54E-05 5 691 1.54E-05
D=0 (=1/y D=1 (=1,
100 15 731 2.46E-04 5 311 2.47E-04
150 20 1111 1.10E-04 5 391 1.10E-04
200 26 1501 6.16E-05 5 451 6.17E-05
250 31 1925 3.94E-05 5 521 3.95E-05
300 36 2317 2.74E-05 5 581 2.74E-05
400 46 3069 1.54E-05 5 691 1.54E-05

many subintervals might be selected in the detection process, resulting in a higher
number of function evaluations. This indeed can be seen by comparing the numbers
nsko for D = 0 and D = 1 (note that Hfér)HLoc /r! < 1). We report results only
for errors measured in the Skorohod distance since they are identical to those with
the Lo norm.

When the value of D is too small (say D = 0), the choice of the function £(m)
can worsen this problem. Indeed, this is illustrated in the following tables, where
we used two different choicesf]

m m
and fy(m) = Tog, ()

fi(m) = 2rlog,(m)

For instance, in Table 6 we have the following situation. When m = 400, the
algorithm uses 2369 points when ¢(m) = ¢1(m) and over 5 times more when ¢(m) =
l5(m), even though the errors are the same. However, the choice of £(m) = ¢1(m)
is not good for smaller values of m, since ¢1(m) < 5; recall that f3 has five singular
points.

Note that when D is properly chosen (D = 1 for f3), the choice of ¢(m) is not
so important as long as ¢(m) is not smaller than the number of singularities, since
then the number n sin does not change and equals 5. However, if £(m) < 5, then
we have the same situation as for D = 0: the errors are too large, since n_sin is
smaller than 5 and some singular points are not detected/localized.

However, even for poor choices of D and ¢(m), we always have n proportional
to m and the error proportional to m~", the latter holding when m is sufficiently
large.

20f course, given the function f, the best choice for £(m) would be the actual number of
singularities. However, this number is often unavailable.
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TABLE 6. Different D and ¢(m) for f5 and r =4

m | nsin nsko sko.dist | nsin n_sko sko_dist
D=0 (=1 D=1 (=14
100 1 471 1.99E-01 1 471 1.99E-01
150 2 827 1.25E-01 2 827 1.25E-01
200 3 1207 9.93E-02 3 1207 9.93E-02
250 3 1393 9.65E-02 3 1393 9.65E-02
300 4 1787 5.35E-02 4 1787 5.35E-02
400 5 2369 2.35E-11 5 2369 2.35E-11
D=0 (=1/y D=1 (=1,
100 15 2849 6.00E-09 5 1149 6.00E-09
150 20 4243 1.19E-09 5 1393 1.19E-09
200 26 5851 3.75E-10 5 1609 3.75E-10
250 31 7383 1.54E-10 5 1819 1.54E-10
300 36 8889 T7.41E-11 5 2007 7.42E-11
400 46 11963 2.35E-11 5 2369 2.35E-11

APPENDIX

Proof of Lemma 1. Suppose that f is right-continuous at sy. (The other case is
symmetric.) Then

@) = gl)+ 3 8P = 1y o)

with g € W,.(0,T). We also have that, for any function ¢,
i+r
¢[tia ti-i—la o ati+7"] =h" Z bl—i¢(tl)'

=1

By linearity of divided differences we then have

f[t’ia o ati+7'} = g[t“ AN ti+r]
r—1 i+r
+ZA (h Zbl i— Ls;1) (tl)> .
j=0 !

Puth(Sf—tk)/h,tzl_k7 and s =i —k+r—1. Then

i+r i i+r l— _7_)
h™ Zbu S g ) = > b Lh o)
! I=k+1 !

s+1 )]

- Tth .

Hence
r—1
f[ti, e ,ti+7-] = g[ti, ey ti+r] + Z Agcj)hjirai_;_r_k_l,j (7’)
7=0

The rest of the proof goes as the proof of Lemma 3.3 in [21]. (]
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Proof of Lemma [l Assume without loss of generality that f is right-continuous at
s¢. Then

r—1
F=g+> aPe,,,
j=0
where g € W,.(0,T"). Since polynomial interpolation is linear, we have

Hf - P’f(fv a, b)”LP(a,b)

r—1
< g = Pr(g50, 0 Loty + DA (1655, = Pr(d)s,: 0| o (-
j=0

Changing variables we obtain
H(bj,Sf - P’I‘(¢j,8f;a/) b)”LP(a,b) S Qg - (b - a)j+1/p7

which, together with (I8) and the equality [|g™||ro(ap) = [IfT||Lr(ap), gives the
desired result. (]
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