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Abstract: We consider estimation of a step function f from noisy obser-
vations of a deconvolution ¢ * f, where ¢ is some bounded Li-function.
We use a penalized least squares estimator to reconstruct the signal f from
the observations, with penalty equal to the number of jumps of the recon-
struction. Asymptotically, it is possible to correctly estimate the number
of jumps with probability one. Given that the number of jumps is correctly
estimated, we show that for a bounded kernel ¢ the corresponding esti-
mates of the jump locations and jump heights are n=1/2 consistent and
converge to a joint normal distribution with covariance structure depend-
ing on ¢. As special case we obtain the asymptotic distribution of the least
squares estimator in multiphase regression and generalizations thereof. Fi-

nally, singular integral kernels are briefly discussed and it is shown that the

n~1/2_rate can be improved.
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1. Introduction

Assume we have observations from a regression model given by

n

v = (@) +e) &

where ®f = ¢ x f denotes convolution of some L;-functions ¢ and f, 1,e9,...
are i.i.d. mean zero random variables with finite second moment, and z; =
Tinm, ¢ = 1,...,n is a triangular scheme of design points in [0, 1], where we
suppress throughout the dependence on n and simply write x;. In the following
we denote model (1) as an inverse (deconvolution) regression model and we
assume throughout that ¢ is known. Suppose the objective function f: R — R
is locally constant, i.e. a piecewise constant function with at most k& jumps given

by
k+1

F@) = bilpr,_, (@), (2)
i=1
0<m <...<7, <1and k € N possibly unknown (see Figure 1). Throughout
this paper we will set 79 := 0 and 7441 := 1. Hence, we will assume that all
jumps occur in [0, 1], though the functions are defined on the reals for technical
reasons. To keep the presentation simple, we further assume that f vanishes
outside of [0, 1]. We mention, however, that our results remain valid as long as
f € LiNLy, where f has a continuous extension at the boundaries of [0, 1]. From
Figure 1 the difficulty of estimating jumps in inverse regression is apparent: Due
to the smoothing by ¢, jumps only appear as small smooth changes in @ f.
In this paper we show that the joint least squares estimator 6, of jumps and
heights
0 = (b1, 71,b2, T2, - b, T, brt 1) (3)

1/2 consistent and follows a multivariate normal limit law. Roughly speak-

isn~
ing, convolution leads asymptotically to an average of an infinite number of
r.v.’s around the jump location and hence a central limit theorem applies. This

means that for a bounded kernel ¢ (under proper identifiability conditions)
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jump estimation for locally constant functions in inverse regression is a regular
parametric estimation problem (see e.g. van der Vaart (1998) Theorems 5.21,31
for an elegant formulation of assumptions that do not require differentiability
of the score function, which indeed is not valid in our case). This is in strong
contrast to the case of direct regression, i.e. where ® in (1) is the identity (see
e.g. Carlstein and Miiller (1994); Korostelev and Tsybakov (1993); van de Geer
(1988); Miiller (1992); Miiller and Stadtmdiiller (1999); Yakir et al. (1999); Birgé
and Massart (2007)). In this case it is known that the LSE converges at the
(minimax) n~! rate (see Korostelév (1987)) and its distribution (after centering
and scaling with n) is given as the minimizer of a certain random walk process
(Yao and Au (1989)). Moreover, in direct regression problems the estimators of
the jump heights and the locations of the jumps are mutually asymptotically in-
dependent. In inverse regression the situation is completely different. In general,
all components of n'/2(f,, — 0) will be dependent asymptotically (depending on
the kernel ¢).

Fic 1. Noisy observations of a blurred step function. The dots represent the observations and
the black line the blurred function ®f, where ® represents convolution with the gauss kernel.
The gray line shows the original step function f, which is to be estimated.

In fact, a main motivation to consider the space of locally constant functions

as in (2) stems from the observation that, in general, deconvolution is a diffi-

imsart-generic ver. 2006/09/07 file: 2ndrevisioninvChange.tex date: November 26, 2009



L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 4

cult problem, which is reflected by minimax rates of convergence that can be
arbitrarily slow, e.g. (logn)~# rates as for supersmooth (e.g. Gaussian) deconvo-
lution when f is a function of Hélder smoothness 3 > 0 (cf. Fan (1991); Cavalier
and Tsybakov (2002); Butucea and Tsybakov (2008a,b) among many others).
However, we stress that in many practical situations, Gaussian deconvolution
is still applied, leading to satisfactory results (see e.g. Bissantz et al. (2007) for
an example in astrophysics). At first glance this seems to be contradictory. The
reason is that often a minimax approach reflects a rather pessimistic point of
view, in particular in large function classes such as Sobolev or Besov spaces.
These spaces contain functions which are difficult to recover in deconvolution,
although in many practical situations they can be excluded apriori. In fact, often
more restrictive modeling is possible (and required) which may result in reason-
ably good rates of convergence. In this paper we will show that the assumption
of locally constant functions will allow for an n~'/2-rate of convergence under
rather general conditions on the convolution kernel. These conditions are bor-
rowed from the theory of radial basis functions in native Hilbert spaces and from
total positivity. They cover super-smooth functions such as the Gauss-kernel,
polynomial kernels ¢(x) = 2P 1jg 1y(x) with p = 0,1,... and continuous sym-
metric functions ¢ which have a Fourier transform ¢E not decaying faster than a
rational function, i.e. C(1 + |z]")~! < |¢(z)| for some ng € N, C' > 0 and all
x eR.

So far, we have assumed that the number of jumps is known in advance. If the
number of jumps is unknown, we furthermore show that, under the additional
assumption of subgaussian tails of the error distribution, the number of jumps
can be asymptotically estimated correctly with probability one. This property
has been denoted by Fan and Li (2004) as the ”oracle property” which guaran-
tees that the asymptotic distribution of the least squares estimator remains the
same as for an unknown number of jumps. We are aware, of course, of possible

pitfalls of the ”oracle property” which transfer to our case as well. We refer to
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Leeb and Pétscher (2006, 2008) for a careful discussion.

We mention that our results can also be extended to more general Fredholm
integral operators of the type ®f = [ K(x,y)f(y)dy with continuous kernel
K :[0,1] x R — R (see Boysen, 2006). For reasons of simplicity and ease of
notation we do not treat this case here.

A classical model which fits into our framework was given by Quandt (1958).
He introduced a linear regression model which obeys two separate regimes and
where the change-point is not known. This model is called two-phase regression
and inference in this setting was studied by Quandt (1960), Sprent (1961),
Hinkley (1969) and more recently by van de Geer (1988), Yakir et al. (1999)
and Koul et al. (2003), among others. If the objective function f is assumed
to be continuous, two-phase regression can be modeled by an inverse regression
model with a polynomial kernel with p = 0, i.e. ¢(x) = 1jg,1)(x). In this setting
the n~1/2 rate and the asymptotic distribution were derived by Hinkley (1969)
and — for more general segmented regression models — by Feder (1975). From
the perspective of statistical inverse problems their results are quite natural to
understand: multiphase regression corresponds to estimation of a jump function
in a noisy Volterra equation where the location of jumps correspond to the kinks
of the multiphase regression function.

Our results generalize known results on the estimation of the intersection in
two phase regression to the case where the objective function has an arbitrary
number of phases and is piecewise polynomial of order p+ 1, with p continuous
derivatives and a (p + 1)-th derivative, which is a step function. For piecewise
linear regression (p = 1) in a deconvolution context this problem occurs in rheol-
ogy where the relaxation time spectrum has to be estimated from measurements
of the dynamic moduli of materials (cf. Roths et al., 2000). Other applications
stem from biophysics, where the ion-channel activity of lipid membranes are
measured by impedance spectroscopy and the jump locations indicate different

opening states (cf. Schmitt et al., 2006; Romer et al., 2004). We obtain the re-

imsart-generic ver. 2006/09/07 file: 2ndrevisioninvChange.tex date: November 26, 2009



L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 6

sult that the rate of estimating the change-point does not depend on p, whereas
in general nonparametric regression settings, the convergence rates for estimat-
ing a jump in the p-th derivative become slower as p grows (see Goldenshluger
et al., 2006) and the references given there.

The first one to investigate the change-point problem in the framework of a
statistical inverse problem was Neumann (1997), who considered the estimation
of a change-point in a density deconvolution model Y = X + ¢ with known error
density fe. He treated the case that the density of X is bounded, has one jump at
7 and is Lipschitz continuous elsewhere. In this setting 7 can be estimated at a
rate of min(n_l/(m“), n_l/(ﬁ+3/2)), provided the tails of the Fourier transform
fg(:r) decrease at a rate of |x|~%. Moreover, he proved that these rates are opti-
mal in a minimax sense. This result was extended by Goldenshluger et al. (2006)
(in a white noise model) to classes of functions f which can be written as a sum
of a step function and a function with smooth m-th derivative. They showed that
in this case the minimax rates are of order min(n =1/ (28+1) p=(m+1)/(28+2m+1))
If the smooth part of the function of interest belongs to a Paley-Wiener class,
they show that a rate of min(n=/2,n~1/(26+1)) can be obtained up to a loga-
rithmic factor. Hence, the specific choice of locally constant jump functions in
(2) used in this work comes close to the super-smooth case for § > 1/2, without
the additional logarithmic factor. This seems quite natural, because piecewise
constant functions are even more regular than piecewise super-smooth func-
tions. Moreover, we will indicate that similar rates hold in the case of 3 < 1/2
if the assumption on the boundedness of the kernel is dropped (see Remark 3).
Recently, Goldenshluger et al. (2008a,b) generalize the above mentioned results
to a unifying framework of sequence space models covering delay and amplitude
estimation, estimation of change-points in derivatives and change point estima-
tion in a convolution white noise model. Finally, we stress another difference
to our approach: These and other optimal estimation methods for jump points

are performed in two steps, a localization step and an optimization step. For
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our method the estimator is computed in one (nonlinear) optimization step. We
mention, however, that this may lead to difficult global numerical optimization
problems, because in general the underlying (penalized) least squares problem
need not be convex, similar as in nonlinear regression or more generally, for
M-estimators. This is in contrast to the direct case, where computation of the
location of jumps can be performed in O(n?) steps (Friedrich et al., 2008). A
careful discussion is beyond the scope of this paper and will be treated sepa-
rately.

This work is structured as follows. Section 2 gives some basic notation and
the main assumptions. The estimate and its asymptotic properties are given in
section 3 and the proof of the main result can be found in section 4. Finally, in
section 5 we derive the required results from the theory of radial basis functions

which yields sufficient conditions on ¢ for the asymptotic normality of the LSE.

2. Model assumptions and Notation
2.1. Notation
Let 70 = 0, vx+1 = 1 and define

e = {(10, 7155 M+1) 1 0<m <o <y < 1}

as the set of possible jumps of f in (1). Further denote the corresponding func-
tion space of locally constant functions with at most k& jumps by

k+1
Tk = { Zbil[nfl,n)(l’) ‘T E Fk ) bl € R}’ k € N
i=1

Write T := U:’;l Ty, for the set of all step functions on R with a finite but ar-
bitrary number of jumps, where we exclude an isolated jump at the end points

of the interval [0,1]. Recall, that outside of [0,1] these functions vanish. Let

Tir = {9 € Tk : ||glloc < R} as well as T g := Upey Tk,r the corresponding
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spaces of uniformly bounded functions for some R > 0. If not mentioned oth-
erwise, the restriction of these spaces to [0, 1] are considered to be subspaces of
L([0,1]).

As usual, || - ||]2 will denote the Lo(R) norm, {-,-)s the corresponding inner
product and || || the supremum norm. Additionally, define the empirical norm

I - |l and the empirical inner product (-,-), by

1713 = 23" ) aswellas  {fg)hy =~ > Faglw),
i=1 i=1

where x1,...,x, are the design points. From the context it will be clear always

that the index n = 2 refers to the Ly-norm. Similarly set
1 - 1 n
||y||721 = - Zlyf as well as (y, 2)p = - Zlylzl
i= =

for y,z € R™. Write g(t4) := lim,\, g(x) for the right limit of ¢ in ¢ and
g(t_) :=lim, ~ g(z) for the corresponding left limit. For some proper function

g : R — R define the set of jump points of g as

J(g) :={t€[0,1]: g(t-) # g(t4)} (4)
and J.(f) := #J(f) + 1, where #J(f) denotes the number of jumps. Define

the distance of some point a € R to the set B C R as
d(a, B) = inf |a — b
beB
and, slightly abusing notation, the Hausdorff distance of two sets A, B as

d(A, B) = max{sup d(a, B),sup d(b, A)}.
acA beB

Finally, for ease of notation for any a,b € R, [a,b] and (a,b) always denote the

intervals [min(a, b), max(a, b)] and (min(a,b), max(a, b)), respectively.

2.2. Assumptions

Assumptions on the error If the number of jumps is known the following

—1/2

basic assumption is sufficient to deduce the n rates of convergence for the

least squares estimates.
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Assumption A. The array (e1,...,&,) consists of independent identically dis-

tributed random variables with mean zero for every n. Additionally, assume
E(e}) = 0? < .
If the number of jumps of the objective function is unknown, we will addi-
tionally need that the error satisfies the following subgaussian condition.
(A1) There exists some a > 0 such that E(exp(e3/a)) < oo.
Assumptions on the kernel We require the following independence assump-
tion.

Assumption B. Let

b
/¢<x—y>dy bta,

Ag(x,a,b) (5)

oz —a) b=a.

Assume that ¢ € L1(R) N Lo (R) is piecewise Lipschitz continuous with finitely

many jumps. Additionally, the functions
Ap(x,10,T1), oy D@, Ty Thg1) s Do, 71, 71) 5 ooy DglX, Ty Ti)
are linearly independent for every choice of k € N and
O=10<T <Ta<...<Tk <Tgy1 =1, (6)
Remark 1. We mention that Assumption B implies that the functions

(q)l['ro,n))(')v (‘I)l[n,'rz))(')7 ERE! (¢1[T)€,Tk+1))(.) (7>

are linearly independent for any parameter vector (7g,...,Tp+1) as in (6).

The following Theorem 2.2 gives some general conditions, which are sufficient
for ¢ to satisfy Assumption B. To this end recall the definition of extended sign-
regularity as given in Karlin and Studden (1966). See also Karlin (1968) for

many examples.
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Definition 2.1. Fiz k € N and let ¢ € CK71(R), t; < --- < t, t; € R. Let for
=1,k

¢($ — t]‘) : tj_l < tj

Djitr,.ost (.’L‘) =
d)(r) (l’ — tj) : tj—r—l < tj—r =...= tj ,

where tg is set to —oo and 1 < r < k. Moreover, define

k
i.g=1"

= det (¢j7t1,...,tk (51))

The function ¢ will be called extended sign regular of order k (ESRy) on R,

provided that for each r = 1,... k there exists e, € {—1,1} such that
erd* a >0,
for all choices of s1 < s9 < ...< 8 and ty < tg < ... <t,. with s;,t; € R. It is

called ES R if this holds for any k € N.

Theorem 2.2. The function ¢ satisfies Assumption B if one of the following

conditions is satisfied.

(i) ¢ € C(R)N L1 (R) is a symmetric real-valued function with Fourier trans-

form ;ZS\(JZ) >0, such that there exists ng € {0,1,2,...} and C > 0 with
C(1+|z[™) ' < |d(x)|  forallz €R. (8)

(ii) ¢ is extended sign regular of order 2k +2 on R, with 0 < [ ¢(z)dx < .
(iii) The function ¢ is given by
zP x€l0,1]
o(x) = pe{0,1,2,...}.
0 else
Examples of kernels satisfying Assumption B The most prominent ex-

ample is the Gauss kernel ¢(z) = (2r02)~ Y2 exp(—(z/0)?/2) for some fixed
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o > 0. In fact this kernel is well known to be ESR, (see Section 3, Example 5
in Karlin and Studden, 1966).

Examples of kernels which satisfy condition (i) of Theorem 2.2 are the Laplace
kernel ¢(x) = exp(—|x|)/2, the kernel ¢(x) = cos(x) exp(—|z|) and kernels of
the type ¢(x) = (1—|z|)% for p=2,3,... where 2, denotes the positive part of
x. Moreover, the convolution of any two kernels ¢q, ¢ satisfying condition (i)
clearly also satisfies this condition.

As mentioned in the introduction it is possible to extend the identifiability
Assumption B to general integrable kernels k(z,y). For example, the I'-kernels

restricted to the positive reals

k(z,y) = Ty % texp{—ay}, a>0

are easily seen to be ESR., because exp{zy} has this property. However, in

this paper we will restrict to convolution and we postpone the issue of general

integral kernels to a subsequent paper.

Assumptions on the design points We make the following assumption on

the design points.
Assumption C. There exists a function h: [0,1] — [, ¢y] with 0 < ¢; < ¢, <
oo and fol h(z)dz =1, such that

7 Z(1)
— z/ h(z)dz + 9;
0

n

foralli=1,...,n, withmax;—1, |0 = Op(n’1/2). Here x(;) denotes the i-th

order statistic of x1,...,Ty,.
Moreover, the design points x1,...,x, are independent of the error terms
Ely.e--5En-

Diimbgen and Johns (2004) use a similar assumption on the design points.
Note that the above assumption covers random designs as well as fixed designs

generated by a regular density in the sense of Sacks and Ylvisaker (1970). It
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is easy to see that Assumption C holds if x1,xo, ... are i.i.d. random variables
with density g satisfying supp(g) = [0,1] and 0 < ¢; < g(z) < ¢, < oo for all
x € [0,1] and some ¢, ¢, € R. If the design points z1, ..., 2, are nonrandom,
the Op(n~1/2) term above is to be understood as O(n~'/2). For h constant 1,
this includes the case of a uniform (deterministic) design z(;y = 4/n. In fact, for
fixed design points all results can be obtained essentially in the same way. The
only argument which has to be slightly modified, is the one based on the law
of the iterated logarithm in the proof of Lemma 4.14. Note that the respective
inequalities remain valid because the random variables €; , defining the error
terms in a triangular scheme can be replaced by a sequence of i.i.d. random

variables without changing the distribution.

3. Estimate and asymptotic results

Estimate Define the restricted least squares estimate fn as approximate min-
imizer of the empirical Lo distance to the data in the space T} r. More precisely

fn € Ty r and
[8f, Y12 < min (&g~ V[2) +o0,(n"). )
9€Tk R

The minimizer of the functional on the right hand side always exists (compare
Lemma 4.7). Note that we do not assume that the minimum is attained, but
only that the functional above can be minimized up to some term of order
0p(n~1). It does not need to be unique. This assumption allows for numerical
approximation of the minimizer and gives an intuition of the needed precision for
the asymptotic results to be valid. The restriction to functions with || f|jec < R
is a technical assumption, i.e. that some upper bound of the objective function
is known beforehand.

Note that any estimator fn has a representation as

k+1

fn(x) = Zl}il[ﬂfl,ﬂ)(x)’ (10)
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with vectors b = (b, ..., bs1)! and 7 = (7, ..., Fes1)t, where we formally set
70 := 0, 741 := 1. This is the approximate least squares estimates (in the sense

of (9)) of the true parameter vectors b and 7 given by equation (2). Set
én:(61?721’[;2’7127"'aI;k77A—k7i)k+1) (11)

as the least squares estimator of the combined parameter vector 6 given in (3).
If the number of jumps is unknown, a different estimate is needed. In this
case, assume that the penalized least squares estimate fAn satisfies f)\n €T r

and is defined as any solution of

[0f5, = Y2+ Mdo(Fr) < min ([l0g =Y+ Mdu(g)) +0p(n™"). (12)

>, R

where )\, > 0 is some smoothing parameter, s.t. A\, — 0 as n — oo.

Asymptotic results Before we state the main result, we first define the map

v:[0,1] — R2+1 by

A¢(5U,To,7'1)
(b1 — ba)Ag(w,71,71)

Aqb(I,Tl,TQ)

(b — brt1) Ay (, T, T)

A¢($,Tk,7k+1))

and the (2k + 1) x (2k + 1) matrix V by its entries

(V)i = / (@) ()")i; hiz)de (14)

Here h is the design density satisfying Assumption C. Now we are able to for-

mulate the asymptotic result for the least squares estimator.

Theorem 3.1. Suppose the Assumptions A, B and C are met. Let fn and V' be
given by (10) and (14), respectively. Set 0 as the parameter vector of f given in
(3), and 0,, as the corresponding vector of estimates defined by (11). Given (9)
and model (1), then
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(i) V is positive definite.
(i) /n(fn — 0) -5 N(0,02V 1.

Moreover,

(iii) | ®f — @ full2 = Op(n~/2).
(i) AT(f),T(fa)) = Op(n~/?).
(v) |f = fullz = Op(n=1/%).

Note that parts (iv),(v) of the last theorem highlight the ’degree of ill posed-
ness of 1/2’ induced by the convolution compared to ordinary jump regression.
Both rates become slower by an exponent 1/2 whereas for the *forward problem’
(in the terminology of inverse problems) in part (iii) the rates remain the same.

The following theorem implies that the penalized estimator fAn and the re-
stricted least squares estimator fn asymptotically coincide, i.e. the number of
jumps in T, is asymptotically correctly estimated with probability one. Hence,
conditionally on the correct number of jumps, Theorem 3.1 remains valid. We
mention, however, that the finite sample behavior of the LSE may be affected
significantly by this 'model selection step’. For a discussion of this issue in the

context of regression see Leeb and Pétscher (2006, 2008).

Theorem 3.2. Suppose condition (A1), (12) and the assumptions of Theo-
rem 3.1 are satisfied. If \, — 0 and \,n'/ (%9 — o0 for some € > 0 as n — oo,
then

lim P(#7(fx,) = #7(f)) = 1.

The proofs of Theorem 3.1 and 3.2 can be outlined as follows. For a known
number of jumps an entropy argument yields consistency of the least squares
estimator. It is possible to represent the estimator as the minimizer of a stochas-
tic process, which allows for a local stochastic expansion. This can be used to
derive asymptotic normality. If the number of jumps is unknown, techniques

from empirical process theory can be used to reduce this asymptotically to the
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case when the number is known.

The details of proof are given in several steps in section 4.

Remarks and Extensions

Remark 2. (Noisy Fredholm equations). All results of this chapter can also be
shown for more general integral operators of the type ®f = [ K(z,y) f(y)dy with
continuous kernel K : [0,1] x R — R satisfying sup,cpo,1) |5 (,-)|[, < 0o. In
this case in definition (5) ¢(x —y) has to be replaced by K (x,y). Assumption B

can be formulated in the same way. Details will be postponed to a separate paper.

Remark 3. (Singular kernels). If the integral kernel is unbounded, faster rates
than Op(nfl/Q) for estimating the jump location can be achieved. Indeed if ¢
is an Abel type kernel ¢o(r) = 3719 00)(x) for a € (0,1) then a jump can be

-1/ min(2,3—2a))

recovered at a rate of Op(n . For details we refer to a separate

L sampling rate is achieved as o — 1, which

publication. Interestingly, the n™~
1s well known to be the best possible rate in direct regression for the estimation
of a jump. Further, for singular kernels with a spike stronger than |z|~! jumps
can be estimated with the same rate as for the direct case, which is achieved as
a — 0.

Note that the “elbow” in the rates of convergence occurs at o = 1/2, and
that the n=2 rate holds for the case where ¢ is square integrable on bounded
intervals.

This corresponds to findings of Neumann (1997) and Goldenshluger et al.
(2006), who also observe an elbow in the rate of convergence of recovering
a change point in an inverse problem at B = 1/2, if the Fourier transform
of qAS(:r) decreases at rate of |x|7P. Goldenshluger et al. (2006) give a rate of
Op(n=Y/ min228+1)) yp to a logarithmic term if the smooth part of the function

of interest is in a Paley-Wiener class. From

|fa(@)| = |2| D1 - a)
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L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 16

it follows that the “elbow” for B = 1/2 can be identified with the elbow for
a=1/2.

Remark 4. (Misspecification of the model). We will briefly discuss the behavior
of the estimator fn, when the true function f from model (1) is not an element of
Ty r- In fact, under certain conditions fn converges to a step function t € Ty, g,

s.t. Bt is a best approximation of f.

Lemma 3.3. Assume f € L2([0,1]) with ||fllcc < R and there ezists a unique

t € Ty r, such that
|@f - ®tls = min [[Bf - Dgllo. (15)
9€Tk R

Furthermore, Assumption C holds with h = 1, i.e. ;) = i/n + ;. For fn, the

least squares estimator from (9), it holds
| @t — @ full2 = 0p(1)

and

It = fallz = op(1). (16)

Condition (15) is well known in nonlinear approximation theory (e.g. see
Braess (1986)). Note that, due to injectivity of the operator ®, the assumption
of a unique minimizer t is equivalent to the assumption of existence of a unique
Ot € O(Ty,r), which minimizes the La-distance from ®f. It would be of great
interest, to relax the assumption of an approrimate equidistant design in Lemma
3.3, as well as improving (16), e.g. to an asymptotic distributional law for fn

This is postponed to separate work.
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L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 17

4. Proof of Theorem 3.1 and 3.2

We start with some technical results and then give some entropy bounds on
the spaces of interest. This requires tools of empirical process theory to prove
consistency of the estimates. Afterwards we give a local stochastic expansion of
the minimized process and use this to derive asymptotic normality. Finally we
again use techniques from empirical process theory to show that the penalized
estimate asymptotically coincides with the restricted least squares estimate.
Note that Assumption B is needed to assure identifiability for any number k& of

jumps as well as positive definiteness of the asymptotic covariance matrix V.

4.1. Some technical lemmata

In the following we derive some properties of the mapping ® restricted to the

space of step functions.

Definition 4.1. A family of (possibly random) functions h,,, n € N on a domain

D C R is said to be equi-Lipschitz continuous with constant C, if for any § > 0,

sup sup |hn(x +9) — hy(z)] < C O (a.e.).
neNzeD

Lemma 4.2. Let ¢ be a bounded integral kernel, then the following holds true.

(i) For all € > 0 there exists 0 < Cy < oo such that for all f € T,

1D fI5 < Co||f||%2([0,1]) .

(i) For all e >0 the map ® : (T, || - [|L,(0,1]) ) — L2([0,1]) is continuous.
(iii) Given Assumption B, ® : T, — L2([0,1]) is one-to-one.

(iv) The function (®f) is Lipschitz continuous on R for all f € Tyo.

(v) For functions f, € Ty r, n € N the family h, = ®f,, n € N is equi-

Lipschitz continuous with Lipschitz-constant Cy = 2kR||¢||L, -
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L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 18

Proof. By Assumption B we have that ||¢||r.. = C < co. Recall that f is 0 on

( Covo) and 1,00). ThlS gi\/es
n n ;7: y 2 :9 y

1
<c? /0 () dy,

which proves (i). Similarly we can show || f|2 < C||fH%2([071]) for f € Ty, which
gives continuity and hence (ii). As argued in the part on the assumptions on the
kernel in section 2.2, (iii) follows from the independence of Ag(-, i, Tit1).

To prove (iv), note that

r—a rz+d—a
(@0n)(e) = @Lan)la+ 0l = | [ “ott= [ oty

+0—b

< 2/8lll9ll 2o »

for any z,§ € R and a,b € RU{—o00,00}. For f € T, with #J(f) < oo, this

gives

[(@f) (@) = (®f)(z+0)| < 02#T (f) | flcll Ol Lo - (17)
The assertion (v) follows directly from (17). O
The following lemma provides a link of the empirical and the Ly norm.

Lemma 4.3. (i) Suppose h,ci, ¢, and 6;, for i = 1,...,n satisfy Assump-
tion C and f is piecewise Lipschitz continuous on [0, 1], i.e. there exist a
partition Iy, ..., I, k < 0o, with Ule Io =100,1 and I; NI, =0 for j #r
such that f|1; is Lipschitz for all j = 1,...,k. Then

n

1
| fa@mde = =37 @)+ 0p(n™1)

i=1
(i) Let Fy g the set of piecewise equi-Lipschitz continuous functions, with at
most k jumps, uniformly bounded by R > 0. For any sequence f, in Fi r,

it holds
Op(n™2) +allfall3 < IIfnll < cullfall3 + Op(n=1/?), (18)
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L. Boysen, S. Bruns and A. Munk/Jumps in inverse regression 19
with ¢, c; depending on the density h only.

Proof. Let H(z) = [; h(x)dz, where h is as in Assumption C. Note that H is
strictly monotone and the inverse H ! is well defined on [0,1]. For0<a<b<1

we have that
H~'(b)
b—a=HH0b) - HH ()= / h(z)dz > ¢ (H™1(b) — H (a)).
H-1(a)
Hence H~! is Lipschitz and so is (foH_1)|H([j) forall j =1,..., k. By Assump-
tion C we have H~1(i/n — &;) = x(;) with v, := max;—1,._, |6;] = Op(n~1/2).

Assume

H*l([i_l,i})cfj and B (ifnifn—]) 1. (19)

n 'n
for some j,r € {1,...,k}. Here [i/n ,i/n — §;] is the interval spanned by
i/n,i/n — ¢; as defined in Section 2. Consequently,
i/n
wf @)
(i-1)/n
= )t [ ST @) - fH /) do
(i—-1)/n
i/n
an [T i) - FH 0 - 5))do
(i—1)/n

and by Lipschitz continuity of fo H=! on [(i —1)/n,i/n] and [i/n ,i/n — &;] we

obtain

<cila(l/n+uv,) = Op(n_1/2).

i/n
n/( f(H Y (x))dx — f(zy)

i—1)/n

Here cy is the maximum of all k£ Lipschitz constants for the intervals I;. For

general i, we get

w [ s = g n [ FE @) - SE )
(i=1)/n (i=1)/n
f@@y) = 2(fllos -

Y

Since f is piecewise Lipschitz continuous, f is bounded in supremum norm on

[0,1]. Denote the points of discontinuity of f by J(f) = {¢1,...,9}. The
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number of 4, which do not satisfy (19) is bounded from above by

k+#{i:9; € H([i/n — vn,i/n+v,)) for some j = 1,... k}

= k+#{i: H '(i/n—v,) <9; <H '(i/n+wv,) for somej=1,...,k}

k+#{i: HW;) —v, <i/n < H(Y;)+ v, for some j =1,...,k}

= k+O0(nv,).

By application of the transformation formula and ¢y /¢y, k, || f]loo < 00 we get

1 !
221w = [ s

i=1 0

A
)
—
~
£
S
L
+
X
N
+
=
-+
S
<
S
L
=
8

IN

(cr/cr+ [1fllso) ((k + 10"+ wn),

which proves 7). Furthermore, the right hand side of the last equation is uni-

formly bounded for all f € Fj, g, which implies

1

sup |— Zf($z) - A f(x)h(z)dz| = O(nfl +u,) = OP(n—l/Q)'

feF, |

i=

Note, that the functions f2, s.t. f € Fi g, are bounded and equi-Lipschitz, too.
Finally ¢; < h(z) < ¢, for all z € [0,1] (Assumption C), this yields ). O

4.2. Entropy results

To show consistency of the estimates, we wish to apply results from empirical
process theory. To this end, let us first introduce some additional notation (cf.
van de Geer, 2000).

Given a measure @, a set of Q-measurable functions G and a real number
4 > 0, define the d-covering number N(4,G, Q) as the smallest value of N for
which there exist functions g¢i,...,gn such that for every g € G there is a

jel,...N with

([s-ara@)" <s.
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Moreover, define the d-entropy H of G as
H(6,G,Q) =1og N(6,G,Q).

If @ is the Lebesgue measure we will write H(6,G) and N(4,G) instead of
H(5,G,Q) and N(4,G,Q). Given design points z1,...,x, € R, the empirical
measure will be denoted by @, = n~!>""" | 6,,. Note that || - [|,, is the norm
corresponding to the space La(R, Q).

Finally, define the entropy integral

J(0,G,Q) := max (6, /(S H1/2(u,ng)du) )
0

Note that for our purposes, the relevant quantity is the entropy of the space
Grr ={2f : f € Ty, r}. However, it is convenient to first calculate the entropy

of (Tx,r, || * |5 ([a,5))) and then use Lemma 4.2 to infer on the space Gy r.

Lemma 4.4. For —oo < a < b < oo there exists a constant C > 0 independent

of 0,k and n, such that

H (8, (Te,rs || 2 (ap)) < C(k+1)(1 +log (M)) .

Proof. Define the sets
Ay(0) = { “ R4 mesd:m=0,..., [QR(Cga)flq}

and

r() = {a Ymed?im=1,...,|(b— a)(cl(s?)*lj} :

where ¢1, co will be defined later. Define the function class H(J) as

k+1
HE) = {g:9() = bilp, 1) b € Ay(d),i=1,... . k+1,
=1

Yo = a,ks1 = b,y €T(0), 7 < vy, i=1,...,k}.

Now for go € T g We can choose g € H(8) such that d(J(g), T (g0)) < ¢102%/2,
and that for any z € [a,b] with d(z, J(g)) > c16%/2 we have (go(x) — g(z))? <
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362 /4. Since go has k jumps between a and b we get

— g <(b— 28 k(2R)? >
190 = 917, () = ( a)024+( )012-

Choosing ¢; = (4kR?)~! and ¢y = (b —a)~ /2 gives ||go — g2 < §. Hence H(0)

is an d-covering of (Tk g, || - || 2, ([a.p)))- Since
2RV —a]* [ (b — a)4kR?]" R(k 4 1)\ 3k+1
o[ e8] (2522

the claim is proved. O

Lemma 4.4 directly gives that (Ty g, |||z, ([a,5))) is totally bounded for —oo <
a < b < co. Note that (Ty,g, || - |L,([a,5))) also contains functions with less than

k jumps and hence is closed. Consequently, it is compact.

Corollary 4.5. The space (Tk,r, || - || £,([a,p])) % compact for all a,b satisfying

—oc0o<a<b<oo.

We will now use the assumptions on the operator ® or, to be more precise,

Lemma 4.2, to deduce bounds on the entropy of the space

Grr(®):={Pg:9€Tpr}.

Corollary 4.6. Assume ® satisfies Assumption B. There ezists a constant Co

independent of n,k and R such that

R(k+1
H(6,G,r(®),Qn) < Ca(k+1)(1+1log (%)) .
Proof. By Lemma 4.2, (i) there exist —co < a < b < 00 and 0 < Cj < oo such

that
1@ = @glln < Collf = gll L (ta,b)
for f,g € Ty,. Assume H(6) is a d-covering of (T, || - | 2, (ja,p))) for every 6 > 0.

Then H(5/Ch) is a d-covering of Gx(R). Consequently, the claim follows from
Lemma 4.4. O
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Again, this implies that the space G r(®) equipped with the empirical norm
|| - |l is compact. Consequently the functional || - —Y||,, has a minimizer in
Gr,r(®) for every k. As A\, J,(-) is strictly increasing in the number of jumps

for every A, > 0 this implies the following lemma.

Lemma 4.7. For each A\, > 0 the functional |- =Y ||, +AnJ4(-) has a minimizer

mn QW7R(¢>).

4.3. Consistency

To deduce consistency of the jump estimates from the Lo consistency of the
function estimator, a result on the dependency of d(J(f),J(g)) on the Lo

distance of f and g is needed. This is given by the following lemma.

Lemma 4.8. Assume f,g € T,. Then

4)lf - 9l3
(min{[f(t4) = ()|t € TN}

Proof. Let 7 € J(f) and v € J(g), such that |7 —~| = d(TJ(f), T (g)). Then

min{|f(ty) = f(t-)|: t € J(f)}>2
2 )

d(T(f). T (9)) <

1 = 13 > 7 =
which proves the assertion. O

In order to show consistency of fn, we first prove the consistency of ® fn To
this end we require the following result which follows directly from the proof of

Theorem 4.8, page 56 in van de Geer (2000).

Lemma 4.9. Assume ¢y, ... &, are i.i.d. with mean zero and E(e?) = 02 < oo.

Set Gn(R) ={9 € G :|glln <R} and suppose that

1
~ H(3,Gu(R).Qu) =0 forall §>0,R>0.

Then

1 n
€, 9)n| = — gig(x;)| = 1
geség}?R)!< 9 gesgli,l()R)’n; g(z:)] = op(1)

for every R > 0.
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Now we are able to prove consistency of f,.

Lemma 4.10. Suppose the Assumptions A, B and C are met. Then ®~' is
continuous as mapping from {®f : f € Ty r} C L2([0,1]) to the space (Tk,r, || -
|l Lo(0,1))) for any k € N, R > 0. Moreover ||®f — ®fulla = op(1) and conse-
quently

If = fall2 = 0p(1). (20)

Proof. Use (9) and Y = ®f + ¢ to obtain

[@fn — ®flln < 20®(f — f)en)n +o(n™t)

< 2 sup  [{g,en)a| +o(n7h),
9€Gak 2R (P)

since f — fn € Toi 2r. By Corollary 4.6
n~ H (6, Gog 2r(®),Qn) — 0 forall §>0.

Hence Lemma 4.9 gives

sup |<ga5n>n| = OP(I) .
9€Gak 2r(P)

This proves ||®f — ®f,|l, = op(1). Lemma 4.2 (v), together with Lemma 4.3,
yields

1©f = @fulla = op(1). (21)
By Corollary 4.5 the space (Tor2r, || - [|z,(j0,1))) is compact. Lemma 4.2, (iii)
and (ii) yield that the map

@ (Torzrs || - lzaqo,ny ) — L2([0,1])

is continuous and one-to-one. The inverse of a continuous injective mapping f
restricted to the image f(Q2) is continuous if € is compact. This gives continuity
of ®~1 as mapping from {®f : f € Tor2r} C L2([0,1]) to (Tok.2r, || - | 22 (10,17))-
Hence, [[@f|2 — 0 implies ||fll2 = |fllL,q01p) = 27 '@ flLa0py — 0 for

f € Tok 2r. Consequently (21) implies

1f = Flla = op(1). Cl
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This allows us to infer the consistency of the parameter estimates. The fol-

lowing corollary is a direct consequence of Lemma 4.8 and 4.10.

Corollary 4.11. Suppose the prerequisites of Lemma 4.10 are met. In this case

d(T(f), T(fn)) = 0p(1),

as well as #J(f) = #JT (f,). Moreover, if f is given by (2) and f, by (10), we
have for the estimates b; of the levels b; that

izlr)rhli)lg“ |b; — bi| = 0p(1).

Similar to Lemma 4.10 we show Lemma 3.3.
Proof of Lemma 3.3. By definition of fn we obtain
[©f +e—@fuls <@ +e— 0t +op(n)
which yields
10f — @ fulls < N@F = Bt +2( S, — Bt,2)n +0p(n7h).

Since fn —t € Tok 2R, application of Lemma 4.9 gives an upper bound for the
empirical process |(®f, — ®t,¢),| < | SUDgery, on (P9 — Pt €)n| = 0p(1). So we
have

1©f — @fulls < 1@ — ®t5 + 0p(1)- (22)

Forall z,y € [0, 1] it holds that |®f(y) =@ f(z)| < [[flloc|®1[0,1(y) — P11 ()] <
| flleoColz — yl|, where Cy is chosen as in Lemma 4.2 part (v). Hence the set of
functions ® f — ®g, s.t. g € T r is equi-Lipschitz and bounded by 2R and we
can apply Lemma 4.3 part (ii) (with ¢; = ¢, = 1). This together with (22) leads
to

1©f — ®t]5 < |Bf — @full3 < 1©F — B85+ 0p(1),

where the first inequality follows from the minimization property of ¢. Conse-
quently we find
[@f = ®t]|3 — [9f — @full3| = 0r(1). (23)
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Now assume ¢ fn does not converge to ®t in probability. Then we can choose a
subsequence (® fi, )nen and ¢, d; > 0, such that P(||®t—® fy, |2 > 6;) > ¢ for all
n € N. Since t is the unique minimum, we have P(||®f —®f;, |2 — ||®f — ®t||2 >
d2) > ¢ for some d3 > 0. This is a contradiction to (23), which proves the first
claim, i.e.

|®t — B fl2 = 0op(1).

According to the proof of Lemma 4.10, ® : Toy o — P (Tok,2r) is a homeo-
morphism. Therefore, it has a continuous inverse, which yields convergence of

fn to t in probability. This proves the second claim. O

4.4. Asymptotic normality

To show asymptotic normality for M-estimators, it is common to assume ex-
istence of the derivative of the function which is minimized. However, as ¢ is
allowed to have discontinuities, a less restrictive result is needed.

As discussed in Chapter 5.3 of van der Vaart (1998) it is sufficient to assume
existence of a second order Taylor-type expansion. Following this idea, the next
theorem gives the asymptotic normality of the minimizer of a process Z,(0),
provided it allows for a certain expansion. It is similar to Theorem 5.23 of
van der Vaart (1998), but also covers the case of non i.i.d. random variables,

which is required for the fixed design.

Theorem 4.12. Assume © C R? is open and 0y € ©. Let (Z,(0))pco be a
stochastic process. Assume there exists a sequence of random variables (Wy)nen C

R? and a positive definite matriz V € R¥>? such that
Zn(00+ A) = Z,(00) — 2n Y PWEIA + A'WA 4+ R, (A) (24)

with

R, (A) P
sup ———5—— — 0 as n—o00,0—0, 25
212 TAT + T 25)
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as well as
W, -5 N(0,T).
If 0,, is a consistent estimator of 6y and 0,, is an approximate minimizer of Z,,

i.€e.

62— 0]l = 0p(1)  and  Zy(0n) < jnf (Z(60)) + op(n ),
S

then
Vb, —60y) = V'W, +op(1).
Proof. First, we show the /n consistency of 0,,. Set A,, = (én —0p). Since 0, is

an approximate minimizer of Z,,,

Zn<90) + OP(n_l) Z Zn(én) = Zn(90 + (én - 00))
= Zu(60) — 20 VPWEA, + ALVA, + R, (A,).
Denote by Ay the smallest eigenvalue of V. The expansion above implies
—[Anll 2W5 A,
v A

Observe that the asymptotic normality of W,, implies ||A,||"*WIA, = Op(1).

op(n™') > +AVA? + Ra(Ay) .-

Now divide by [|A,|[2 +n~! and use condition (25) and the consistency of 6,.

This gives

) . 9 1 Op(l) )\V
p((lAn]* +1)7) = Tl + (A T T (/AR

Now assume /n||A,|| —— oo. This leads to

— T op(1).

Op(l) > Op(l) + v,
which is a contradiction since Ay > 0. This shows
Vil[A,| = 0p(1).

Now we derive the convergence of \/nA, to V~'W,,. Observe that V-1, =
Op(1). By (25)

nR,(n"Y2VIW,) = op(1) as well as nR,(A,) =op(1).
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Together with (24) and the minimizing property of 0,, this leads to

op(1) > n(Zn(00+ As) — Zn(0 +n "2V 7IW,))

= 2V, — vVRA)W, + (VA V (VaA,) — (VTIW) TV (VTIW,) + op(1)

= (VnA, = VW)V (VnA, - VW) +op(1).
Since V is positive definite, it follows that
VnA, = VW12 =op(1),

which proves the claim. O

A second order expansion for the minimized process To derive an
expansion of type (24) for the problem in (9), let us first introduce some notation.

For b,b € R¥*1 and 7,7 € T set

k+1
9(x,0,7) =Y b®lp (@)
j=1

and
n

207 = = 3 (9o b, )+ 61— gl B,7) (26)

Assume that f and the estimate fn in (9) are defined through

k+1 ) k+1 )
Of(x) =Y Pl ry(z)  and  fn(x) = bi®lp, ) (@),
i=1 =1

respectively. By definition of Z,, (b, 7) it is clear that

Zn(b,7) < min Zn(b,7) +o(n™1). (27)
(b,7)E[—R,R]*+1xTy,

To obtain an expansion for Zn(l;,%), first examine the difference g(z,b,7) —
g(,b,7).
Lemma 4.13. Suppose Assumption B is satisfied and v(z) is given by (13).

Define A by

~ - ~ ~ ~ s t
A = (bl — by, 71 —T1,b2 —ba, To — To, ..., Tk — Tk, b1 —bk+1) . (28)

Co(VRA)V (VI + (VRAL)TV (VAL + (VI (V7IW,) + op(1)
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Then

g(l’,b,T) _g(‘rabyi:)
k+1 _

= Z qu)l[ijth](x) - bj®1[7~'j71,7:j](1,)
j=1

k
= —A'w(@) + O(|AIP) + D Ol = F)lja—ry a—r)nT ()20 -

i=1
Note that [z — 7, — 73] N T (¢) # 0 means that ¢ has a discontinuity in the

interval with endpoints x — 7; and = — 7;.
Proof of Lemma 4.13. Remember #J (¢) < oo and ||¢||ec < 00.

First assume that 7; > 7; and ¢ is Lipschitz continuous on [z — 7j, 2 — 75],
ie. J(¢) N[z —7j,x — ;] = 0. Then for all y € [x — 7;,2 — 7;] we have ¢(x —
y) — é(x — 75) = O(Jy — 75]). This leads to

(I)l[Tj—lﬂ'j)(x) - (I)l[quij)(I) = */ o(x —y)dy

=~y =)ot =) - [ (6 — )~ 6 — 7))y

Tj

= (= 7)ol =) = 0(1) [ =1y
= (1, — 7)p(z — ;) + O((rj — 71)?) .
If ¢ has a discontinuity in [z — 7,z — 7;], then
Pl )~ Pl ple) = (50— + [ (ol

= (1 —7)¢(@ —75) + O —751) -

The same holds for 7; < 7;. Note that 1, . . 7]n7(#)20 1s one if and only if

¢ has a discontinuity in [z — 7;, 2 — 7;]. Consequently,

Ol (@) = L 59(x) = (15— F)ole— 1)+ O((r; — 7)) +

O(I75 = 7D -1 0—7,1nT ()0 -
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Similarly,
Pliry (@) = Pl (@) = (Fjm1 — Tj—1) (@ — 7j-1)+
O((rj-1 = 75-1)") + O(I7j-1 = i1 lfar, s o7y alnT ()20 -

Remember 79 = 7y and 7341 = Tg+1, combine the preceding results to obtain

k+1

Z (qu)l[ijth](x) - l;j(pl[‘?j—lfj](x)>

j=1
k+1 ~ 5

= Z ((bj —0j)®lr,_, ) (%) + b (<I>1[Tj_1ﬂ.j](x) - (I)l["'j—lfj](x))"_
j=1

BJ' ((I)l[Tj—lfj] (z) - Pl 7] (m)))

+

k+1

= ((bj — z)j)él[.,.jil’.rj](l‘) + bj(Tj — 7:]‘)(?(.7; — Tj) + O((Tj — 7~'j)2)+

<.
Il

O(I75 = D) a—r, o ming (@20 + b (Fj1 = Tj-1) (@ — 75-1)+
O((rj-1 = 7-1)*) + O(|7j—1 — %jfl|)1[x—fj,1,x—%jfl}mj(¢)¢m) :

By b;(rj — 7;) = bj(r; — %) + O(||b = b|| |- — 7|, this gives

g(.’l?,b, T) - g($7ga 7:) =

k+1 ) k
D (b = b) @1,y (@) + D (15— F) (b = big1) bz — )+
j=1 j=1
k
O(lr =71+ O(llb = bll |7 = 7I) + > OUIAINL o7, o507 ()20 -
j=1
Since O(||b — b|| |7 — 7||) = O(||A[|?) this proves the claim. O

Lemma 4.14. Suppose the Assumptions A, B and C are met. Then the process

Zn(l;, 7) allows an expansion of type (24), namely
Zn(0,7) = Zn(b,7) + 20 Y 2PWEA + A'VA 4+ R, (A),

where R, satisfies condition (25), A is given by (28) and V is the (2k + 1) X
(2k + 1) matriz defined by (14). Moreover

W, -5 N(0,E(e2)V).
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Before we give the proof, we need the following result on the number of design

points contained in a sequence of intervals.

Lemma 4.15. If the design points x1,...,x, satisfy Assumption C, then for

any two sequences ay,b,,n € N with 0 < a,, < b, <1 we have
n= (#{i: a; € [an, ba]}) = Op(|by — an| +n"12).

Proof. The proof is straightforward using that H(z) = foz h(y)dy is strictly
monotone, and that by Assumption C it holds H™'(i/n — ;) = x(; with

max;—1 n | (51| = Op(nil/z). O

,,,,,

Proof of Lemma 4.14. Expand (26) to obtain

S

Zu(b,7) = 2
n “

€ (g(xi,baT) — g(x4,b, %))
! (29)

- 2
<g($i7ba T) - g(mlaba%)) + ||€||31 .

Note that the last term equals Z,, (b, 7). We will first estimate the second term
of (29). Denote the points of discontinuity of ¢ by J(¢) = {V1,...,Vn7(4)}

with 1 <42 <... <947 (4). This means
[x—Tmx—7INT(P)£0D & Fs:ze[ds+7,9+ 7).
By Lemma 4.15,
#{i:x; € [0, 4 75,95 + 7]} = Op(n|rj — 75| + n'/?).

This gives

n k #J(9)

1 k
S 00 D M) (@) = #J(¢) > Op(nlr; — 7| +n'/?)
j=1

- X n
i=1j=1 s=1

= Op (Al +n712).
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The functions v;(z) are piecewise equi-Lipschitz continuous by part (v) of

Lemma 4.2. With the help of Lemma 4.3 this gives

1 n n 2k+1
gZ(AtV(:Ei))Q = fz Z AN () ve(zy)
=1 =1 j,r
2k+1

> a0 [ vommis +ontr)

= A'VA +op(AI).

Use Lemma 4.13 and the results above to obtain

n

1 7o~
ﬁ Z(g(mub7 T) - g(l'i7b, T))2

i=1

1 k. #J(e) 9

2
= 5 2 (8() + OUAI) + OUAD Y 3 Lt .47 (x2)
1= Jj= s=
1

=N (Aw(z:) + O(AIR)) + O(IAIROR(IA] +n~Y?)

i=1

n

= AWA + Op(||A]P) + op(|A]12),

where V is given by (14). The remainder terms clearly satisfy condition (25).

Next, examine the first term of (29). Set

n
W, =n"/? Zeiu(aci)
i=1

to derive

;. #IT ()

k
== >~ (A () + OUIAI) + OUAD YD D Yotryoo. ()

. 0] n n k
\/ﬁ + n ;z n ZZ : 57;1[1954‘7']'7195-5-7:]-](172')'

The second term is clearly op(||Al?).
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To obtain an upper bound for the third term suppose ¥5 — 7; < ¥5 — 7;. Set
i(s,7) =min{i : x;) > 05 —7;} and i, (s,j) = max{i: x() < O — 75} .

Consequently,
iu(s,5)

’2511[193—&-73-,1934-%]-](:51‘) :’ Z 51"-

i=1 i=ii(s,5)

By the law of the iterated logarithm for e1,¢e9,... i.i.d. with E(e;) = 0 and
E(e?) < oo we have for any sequence (kp)neny C N with limsup,, . kn, = oo
that

J
lim  max }(E(e?)kn log log k‘n)_l/Z‘ Z €

n—oo 1,...
Je{1,....k Py

almost surely. This implies for 8, = i,(s,7) — 4;(s,j) that

| 1/2
max, ‘ Z 51’ O((65, loglog d,,)" 7<)

i=11(s,7)

holds almost surely. By Lemma 4.15,
= #{Z : 195 —Tj S x(i) < 195 —’7~'j} = OP(’n|Tj —’7~'j‘ +\/ﬁ) = OP(TL”AH +\/ﬁ) .
Consequently,

>

=1

= 0p (/A +n1/2) oglog(n]| A +n1/2) ).

€il(y,+r; 0,47 (i)

The same can be shown for ¥; — 7; > ¥; — 7;. Since J(¢) is a finite set and
k < oo, it follows that

n k #J(9)

|A|| ZZ Z 511[19 475,95 +7']](xz) =

i=1 j=1 s=1

O~ ANOp (/ (A] +nt/2) loglog(nl| Al +n1/2) ) . (30)

To verify condition (25) for this term, note that for |A| < n=1/2,

(30) = Op( 1og10g(nl/2))=0p(n_1)7
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and for ||Al| > n~1/2,

(30) = Op (| A0~ loglog(n) ) = or(IA]72).

This gives

n

1 ~ _ _
3 eilglaib,m) — glai b, 7)) = —n VAW, 4 op(JA]) + op(n).

n <
i=1

Next, take a closer look at W,,. For any a € R?**1,

2k+1

atW,, = zn:si (n_1/2 Z ajl/j(xi)>
i=1 Jj=1

and by similar calculations as in (30)

2k+1 n

3 (n71/2 2_31 ajVj(xi)>2 _ %Z(atlj(xi))2 =a'Va+op(l).

i=1 1=1
By the central limit theorem and the Cramer-Wold device,

W, =5 N(0,0%V),

where 02 = E(¢2) and V is given by (14). O

Lemma 4.16. Given the Assumptions C and B, the matriz V defined by (14)

18 positive definite.

Proof. For any (3 € R2F+1

2k+1 ) 1 2k+1 5
BV3 = / ( Z @-ui(x)) h(z)dz > cl/ ( Z ﬂll/l(ac)) dx .
i=1 0 iz
Observe that by Assumption B, the functions vy, ..., o1 are linearly inde-

pendent as functions in Lo ([0, 1]), since b; — b;41 # 0 for all i =1,..., k. Con-

sequently, for 3 # 0 we have that

and thus 3tV 3 > 0. O
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4.5. Proof of Theorem 3.1

The proof of the main theorem is now a direct consequence of the results given

above. Part (i) follows directly from the proof of Lemma 4.14.

Proof of part (ii) Corollary 4.11 implies || — 6,,] = op(1). By relation
(27) and Lemma 4.14 the assumptions of Theorem 4.12 are satisfied. The claim

follows by application of this theorem.

Proof of part (iii) By Lemma 4.13

k+1

/0 (Z biq>1[ﬂ._l,ﬂ.)(l’) — I;iq)l[‘?i_l,‘?i)('r))de?
_ /0 (0 — 0,)'v(x))2dz + Op(|0 — B]|?) = Op(n1) |

since v is bounded. This proves the claim.

Proof of part (v) and part (iv) Note that

k+1
1f = Fally = D (b = b0)?(min(ri, 7) — max(riog, 7i1) ) +
=1

(171'2%1‘ (bi = bi1)? + Lr<t; (big1 — 5@‘)2) |7'i - 7%"
=1

k
= Op(n HOp(1) + 0p(1)0p(n=12) = Op(n=1/?).

This proves part (v). Part (iv) follows by application of Lemma 4.8. O

4.6. Proof of Theorem 3.2

In this section we analyze the case where the number of jumps is unknown.

In order to reconstruct the number of jumps correctly, it is helpful to use
a penalty function which is strictly increasing in the number of jumps. Any
penalty term, which depends on the number of jumps only, is not a pseudo-

norm on o, g, since #J(Af) = #J(f) for A # 0. Hence, the standard results
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from empirical process theory do not apply. However, it is possible to use similar
techniques in the proofs.
The fact that f,\n (approximately) minimizes the penalized Lo functional,

implies that for any f € T r, we get that
|25, = Y15+ AnTs(fr) S NOF = Y%+ Andu(f) +0(n™h).
This gives
19 fx, = @I + 2@ f5, = ©F, =€)n + llelln + Andu(fa,) <
lelln + Ande(f) +o(n™1),
which yields the basic inequality
19 f, = @I + AT (Fr,) < 2@fx, = Df,e)n + ATy (f) +o(n™h). (31)

Hence, a bound for the term [(®fy — ®f, &), |, would allow immediate conclu-

sions on || ®fy, — ®f||2 as well as A,J, ().

Theorem 4.17. Suppose Assumption A is met and the error satisfies (Al).
Assume supeg llglln < R. There exists a constant C' depending only on As-

sumption (A1), such that for all 6 > 0 satisfying

Vné > C(/OR HY?(u,G,Qp)du v R) (32)

we have that

1 « nd?
- E glx)| >6) < - ).
P <!s]1€11g) 02 gig(xy)| > 5) < Cexp ( C2R2> (33)
Proof. See Lemma 3.2, page 29 in van de Geer (2000). O

A bound of this type can be obtained from the following exponential inequal-
ity.

Lemma 4.18. Suppose Assumptions A and B are met and the error additionally

satisfies (A1).
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There exist constants c1,co > 0, such that for all t > c1n~Y2 we have

|<57q)f>n| nt2
P >t) <copex - — .
(2 oo+ ety >0 <o (- )

Proof. Set G gr(®) = {®g: g € Ty, r}. By Corollary 4.6 there exists a constant

C' > 0 independent of u,k,R and n such that

H (0, Gi1,5(®), @) < Ok(1 +1og (°1)).

Compute

/ H'Y (1, G 1(P), Q) du

o o

<

= eRkF/ v —log(u)du < eer/ —log(u))du

= eRk‘F( (1 — log ( ]ik))) = 6V Ck(2 +log(R) + log(ké 1))
< CUVR(1 +log (5 v 1)) = CavE(L+log (5), ).

where C is some finite constant independent of k and §. By Theorem 4.17 there
exists some constant Cy only depending on « in the subgaussian error condition

(A1), such that

§
Viip = o [ B 0.Gcr n(®).Q, ) v 6)

implies
2
np
P( sup ‘<975>n|2f7)§C2eXP(*0262>7
9€G,"; 1 (.9) 2

where QI(C@LR(QD,(S) = {9 € Gr—1,r(®) : |lglln < 0}. Consequently, for all ¢ >

C5Cin~ Y2 we have that

P( sup [(g,€)nl Zt(S\/E(l—i-log (§)+)) <

9EG, 1 (®.0)

tzk(l + log (%) )2) .

Cyexp ( 02
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We arrive at

(€, 9)nl
P sup >t
<9€gk—1,R(’1>) ||g||n\/E(1 + log(k/”g”n)-i-) )

o0

<SP s el = 2 RVE(L+ (o (2),)

——1 9€Gk—1,r(®,217°R)

) i oo (—t2nk(1 + (log(g/f) + slog<2>>+>)

< z_; Cy exp (—th(l + (Slog(;) - log(R))+)> .

Splitting this sum at s := [(1 + log(R))/log(2)] gives

(&, g)nl
P sup >t
(gegkfl,ﬂ,(@) gllav/k (L +log(k/llglln)+) )

log(R —t?n > —t*nC slo
SCﬂllg(gz() e ég )+ 3 Comn (= 3(1c§ )

<Cg,exp( )—l—ZCgexp (%)

S=SR

2

_ 2
< Cs exp( (22 ) + exp nC4 / Co exp —t nC’4s>

2

< o () + oo (28) = oo (-2

Here C3,CYy,Cs,Cg are constants depending on C7,Cs and R only. The last
inequality holds by t?n > C2C3.
Since the constant Cs does not depend on k, the exponential inequality also

holds if we additionally take the supremum over all k. This proves the claim. [

The above lemma yields upper bounds for the rate of [(®f,¢),|, which are

stated in the subsequent corollary.

Corollary 4.19. Suppose the prerequisites of Lemma 4.18 are met. Then

. RN
et [ /T, (D (L + 1og(y (1) [21])+)

= Op(n~1?).
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Moreover, for each € > 0 we have

sup (D, e)nl
feTmn [ ®FIIn~ (T4 (f)O+29/2

Proof. The first equation follows directly from Lemma 4.18. To show the second

= Op(nil/Z) .

equation, observe that J,(f) > 1 and that /z(1 + log(x)) < cz!/?* for z > 1,
€ > 0 and ¢ > (¢! Vv 1) Moreover, if ¢ is large enough and = > 0 then z(1 +
log(z71)) < cx'~¢. Combine these observations to derive the second equation

from the first. O

Now we are in the position to prove that with probability one the penalized
estimator f;w correctly estimates the number of jumps as n tends to infinity

(given a proper choice of the penalty term).

Proof of Theorem 3.2. Application of Corollary 4.19 to (31) gives

1@ fr, — @fI7% < 19 fx, — @fLTulfr, — NV Op(n™"?)

+ A (o (f) = Ju(fr,)) +o(n™1)

(34)

where € is given by the condition A\,n'/1+¢) — co.

First, assume J, (f\, ) < J,(f). Then J,(fx, —f) is bounded and (34) implies

n

that either
[@fx, —@f2 =0\) +o(n™")  or  [[Bfs, — Bf|LT = Op(n"1?).

Thus, ||®fr, — ®f]l, = op(1). Recall, that J,(fx,) < J,(f), which allowes for
application of Lemma 4.3, to deduce ||®fy, — ®f|l2 = op(1). With the help of
Lemma 4.10 and Lemma 4.8, it follows d(J(fA"), J(f)) = op(1), which in turn

implies J,(fx,) > J,(f) eventually.
Now assume .J,.(f, ) > J(f). Then (34) yields

1@ fr, = @fI2 < @ Fr, — @ Tu(fr, — F)Y2TO0p(n72) +o(n").
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Assume ny, is a subsequence such that H<I>f)\n —Of||Lc > eny 2 for some

¢ > 0. Dividing the last equation by H<I>f>\”k — O f[|;, € gives

1@ fr, — LT < Tu(frn, — HYVP0p(mg %) + o(ng )
_ J#(f)\nk _ f)1/2+€OP(n;;1/2).

This yields
£ —€ £ e—2€> € —(1—e €
”(I)f/\nk _ ‘I’erlLk < J#(f)\”k _ f)(1+ 2¢7)/(2+2 )Op(nk(l )/ (2+2 )).

Moreover, by (34)

A (o (Fan) = T4 (f)) <
Op(ny, *)[@fx,, — @FILTu(fr,, — HY* +o(n;h).

Combine the last two equations to obtain
A (Tu(Fr) = Ju(D) < Op(n /) Ty, = HIFTD0F9 0 (35)

Now assume ny, is a subsequence such that ||<I>f>\n —®f|Lc <eny 2 for some
¢ > 0. Application of Corollary 4.19 to (31) and the observation that J,(g) > 1

for all g gives

)‘nk (J#(fknk) - J#(f))
< Op(n; )@ fr,, — @FIL T (fr,, — HY* +o(ng )

< OP(”;;1>J#(]?,\ f)1/2+e < Op(n;, /(1+e))J#(f _ f)(1+6—€2)/(1+6).

n "Lk

As each sequence can be decomposed into a subsequence containing only ele-

ments smaller than cn~1/2

and a subsequence containing only elements greater
or equal to en~Y/2 for some ¢ > 0, we have shown that J,(f\,) > J,(f) im-
plies (35).

Now we show that J,,(f An, ) = J4(f) — 0 in probability. To this end, assume

there exists some subsequence n such that

To(frn) = Ju(f) 2 ¢> 0. (36)
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This implies J,, (f) < J.(f)e  (Ju(fr., ) — Jx(f)) and

ng

A~

Jo(Fan, = F) <2076 (fr,,) = T () +2J,(f)
<2427, ) (Te(fr,) = T ()

= O(l)(J#(fA”k) — Ju(f))-

Hence

- € r e—e? €
Op(ny, /TN I, (fr,, — fHUTe/0r9 =
- € 7 (1+e—€?)/(14¢€)
Op(ny "N (T, (f,) — T4() ke,

1/(1+4¢€)
k

Together with (35), the assumption A, n — o0 and (36), this gives

~ 52 € — — €
0 < /049 < (Ju(Frn,) = Ju(D)) /%) _ Op(A\ng V09) = 0p (1),

which is a contradiction and implies J,(fn) — J,.(f) — 0 in probability. Since
J.(f) and J,(f,) are integers, this yields

p (J#(fn) = J#(f)) -1,

for n — oo. This proves the claim. O

5. Proof of Theorem 2.2

Proof of part (i) To give the proof of Theorem 2.2, part (i) we will define
the native Hilbert space Ny of a positive definite function ¢ and show that the
elements of its dual space d,(f) = f(z) and ps ,(f) = ff f(t)dt are linearly
independent, if ¢ has certain properties. Then we will deduce that the functions
Ag(-,10,T1)s - .., Ap(x, Tk, Th+1) are linearly independent.

The assumptions ¢(z) > 0 and (8) imply that the Fourier transform ¢ is
strictly positive. This means that ¢ is positive definite. (For a definition and
characterization of real-valued positive definite functions, compare Chapter 6 in

Wendland (2005).)
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For a positive definite function ¢ and Q C R let Ny(£2) denote the unique
Hilbert space (H, (-, -)x) of functions f : @ — R satisfying f(z) = (f, ¢(z—-))n.
Ny () is called native space for ¢ and given by the closure of the span of the
function set {¢(z — ) : © € Q} under the inner product induced by (¢(x —
J,0(y —-)) = ¢z — y). A short introduction to native spaces along with some
basic results of the theory can be found in Schaback (1999).

Denote by

={fe€eC™[R,C): ‘Il‘iinoo |z f(™) ()] = 0 for all n,m = 0,1,2,... }
the Schwartz space, where C*° (R, C) is the set of smooth functions from R to C.
The first result is, that the native space N, (£2) contains all Schwartz functions

which are compactly supported in 2.

Lemma 5.1. Assume 2 C R and ¢ satisfies the conditions given by Theo-
rem 2.2, part (i). Then all real Schwartz functions with support contained in §)

are elements of the native space Ny(Q2), this means that

{f € S(R) : supp(f) C Q} C N (Q).

Proof. We first proof the claim for Q@ = R. Assume f € S(R). Since Fourier
transformation is a bijection from S(R) to S(R) f and f2 are also Schwartz
functions. Hence for any ng € N, we can find a constant ¢; > 0 such that
|F(2)]2 < e1(1 4 |z[m0F2)=1. By (8) there exist c; > 0 and ng € N such that

(6(2))~1 < ca(1 + |z|™). We arrive at
1 no
/lf dr < cc/ + || ——dx < ©.

By Theorem 10.12 of Wendland (2005) the function f is in Ny (R) if and only if

/ 1F(2)?/d(z)dz < oo.
R

This proves the claim for 2 = R.
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Now assume 2 C R is arbitrary and f € S(R) with supp f C Q. We have
shown f € N4 (R). By Theorem 10.47 in Wendland (2005) for Q@ C R, f € Ny(R)
implies f|o € Ny(Q). This proves the claim. O

Note that Lemma 5.1 implies that for any interval (a,b) C Q there exists

some test function ¢ € Ny () satisfying supp(¢)) = [a, b]. One example is
U(@) = L) (@) exp((z —a) ™+ (b—a)7).

This observation can be used to show that point evaluation and integral mean

are linearly independent as elements of the dual space of Ny ().

Definition 5.2. For v € R and 71,72 € RU {—00, 00} with 1 < v define the

point evaluation functional 6(f) = f(7) and the functional p, ~, : Np(Q) — R

by
Y2
/ flx)dx 71 # 72,
Pyi,v2 (f) = "
f(m) Y1 =72

Lemma 5.3. Suppose ¢ satisfies the conditions given by Theorem 2.2, part (i).
Assume 19 < ... < Tga1, 71 < ... < ¥ and there exist an € > 0 such that
(m—em+e€ CQ as well as (y1 — €,7 +€) C Q. Then the functionals
Pror1s Priras -+ s Pristigss Oyas - -+ O, aT€ linearly independent as elements of the

dual space Ny(82)'.

Proof. Assume
k+1

Y ipr () )80, (F) =0

i=1 j=1

for all f € Ng(Q). For each ¢« = 1,...,k + 1 we can find an interval J; C
[Ti—1,7:] N such that J; N~y; =0 for all j =1,...,7. By Lemma 5.1 we can
find a test function f; € Ny(Q) with supp(f;) C J; and [, fi(xz)dz = 1 for all
i=1,...,k+ 1. We then have that p,,_, -, (f;) = liz; and d,,(f;) = 0 for all
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i1=1,...,k+1and j=1,...,r. This leads to

k+1 r

0= ZOéan,l,n(fi) + Z/gjé’h (fl) = Q5
1=1 j=1

for all i = 1,...,k + 1. Similarly we can find test functions f; € Ny(Q) with
8+, (fi) = liz; and deduce that 8; = 0 for all j = 1,...,r. This proves the

claim. O
Finally, we can prove Theorem 2.2, part (i).

Proof of Theorem 2.2, part (i). Assume

k+1 k

H > @il (micn ) + Y BT T)
i=1 =1

L:o. (37)

By continuity of ¢, Zfill a; Ay (z, -1, 7;) is a continuous functions of z. Con-

sequently, (37) implies

k+1 k
0= Z O[Z'A¢(.’E, Tifla’ri) + Zﬁqub(vajvTj) 3
i=1 Jj=1

for all z € [0,1]. By definition of Ay (see (5)), that means

k+1

k
0= Zaipnfl’” (¢(x o )) + Zﬂjp‘f'jﬂ'j (qf)(l‘ - )) )

for all € [0,1]. Set @ = [0,1]. By Theorem 8 in Schaback (1999), the native
space N, (£2) is the closure of the span of the set of functions {¢(z —-) : & € Q}.

It follows that
k+1

k
0= Zaip‘ri—l,ﬂ(f) + Z/ij'rjﬂ'j (f)
i=1 j=1
for all f € Ny(Q2). By Lemma 5.3 we know that pr v, pry rys -« s Prris Proriss
are linearly independent as elements of the dual space Ny(Q2)". Consequently,

o;=0=p;foralli=1,...,k+1,j=1,...,k, which proves the claim. O
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Proof of part (ii) Again we have to show linear independence of the functions
{A¢(Z‘,Ti,ﬂ‘+1) 1= O,. .. ,k} U {A¢($,Tj,7’j) _] = 1, .. ,kj}

in Ly([0,1]). Assume
La(0)

H zk:aiA¢('vTivTi+1) + zk:ﬁjﬁqs('ﬁja Tj)H
i=0 j=1

Denote by ¢o(z) = [*__ #(y)dy the primitive of ¢. Since the functions Ay (-, 7, Ti41)

and Ag(-,7;,7;) are continuous we have for all « € [0,1] that

k k
0 = ZaiAqb(%TuTiH) +ZﬂjA¢(fﬂvijTj)
i=0 —1
k ’ k
= i (do(x — 1) — ¢o(x — Tig1)) +Zﬁj¢($—7j)
i=0 =1
. J
= appo(x —10) + Z(Oéi — vj—1)Po(x — Ti) — apPo(T — Thy1)
=1

k
+> Bigla — ).
j=1

Consequently, this must also be true for the derivative, and the equation still
holds if we replace ¢g by ¢ and ¢ by ¢’. Since the equality holds for all z € [0, 1],
it holds for a choice of 2k + 2 distinct points zg,...,xok+1 € [0,1]. By the

extended sign regularity of ¢ we know that the vectors

P(zo — 7;) ¢'(x0 — 75)
: and :
/
T - T T — T
H(z21 41 = 7i) i=0,.... k+1 ¢ (@21 = 75) =1,k
are linearly independent for 9 = 0 < 74,..., 7 < 1 = 7Tp41. Hence, we im-

mediately get that 8; = 0 for all j = 1,..., k. Moreover, o = ap41 = 0 and
(j_1—a;) =0foralli =1,... k. Thisleadstoa; =0foralli =0,...,k+1. O

Proof of part (iii) Assume

k+1 k
HZO&Z‘A(ﬁ(-,Ti,hT»+ZﬁjA¢(~,Tj7Tj)H =0. (38)
i=1 j:1 LZ([O>1])
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Compute that

r—a

b
(@lp)(@) = (p+1) / (x —y)hdy = (p+1) / ¥ dy

= (@-a)f —(z-b)".

So fill 0; Ay (-, -1, 7;) is a polynomial of degree p+1, whereas Z§=1 Bilg(-,T5,7;)
has degree p. Since polynomials of different degrees are linearly independent (compare

Achieser, 1992), this means Equation (38) holds if and only if

k+1 k
Dol Tion, ) = 0=y B0 (75, 7)).
i=1 j=1

We show that a; =0, for all ¢ = 0,...,k + 1 by induction. Therefore consider

k+1
0 = ZaiA¢($7TZ‘,1,TZ‘)

i=1

= al(x - 0)p+1’

0,71] [0,11]

This yields a; = 0. Now assume «; = 0 for all ¢ < j. Then,

k+1

> aidg(z, 71, T)

i=1

)P

=aj1(r— 75
[75:7j+1]

this gives aj41 = 0.

In the same way it follows that 3; =0 forall j =1,... k. O
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