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Notation

N :={1,2,3,...} and Ny := N U {0}

Z: integers

R: real numbers and IR : positive real numbers
C: complex numbers

In: N-by-N identity matrix

Onm: N-by-M zero matrix

On: (0,...,0)T € RN

Hyy € CVM resp. Hy € CM*M: N-by-M Hankel matrix resp. M-by-M
Hankel matrix as in (2.10)

Vum € CVM resp. Vyy € CM*M: N-by-M Vandermonde matrix resp.
M-by-M Vandermonde matrix

H]T\Zep € CM*M: M-by-M Hankel-plus-Toeplitz matrix

diag(al, R ,ﬂN) € CNxN

main diagonal entries

resp. diag((a]-)]-lil): Diagonal matrix with ay, ..., ay as

Cum(p) € CM*M): M-by-M companion matrix of the monic polynomial p(z) =
po+piz+---+z"asin (2.6)

Ty € RN*N: Chebyshev Vandermonde matrix of size N x N as in (3.6)

C(R) = {f : R — C | f continuous } vector space of continuous, real valued
functions

C([a,b]): vector space of d-times continuously differentiable functions on [a, b]
C*®(R): space of smooth, real valued functions

L(V): vector space of all linear operators on a (normed) vector space V

f: Fourier transform of the function f with f(w) == F(f)(w) := [~ f(x)e*“dx

L(f): Laplace transform of the function f with £(f fo e f(t)

ix



Notation

e dom(A): domain of the operator A

e Id: Identity operator

e S;,: shift operator for the shift parameter / as in (3.1)

e S; _p: symmetric shift operator with shift parameter / as in (3.3)
e Scun: generalized shift operator as in (3.22)

e arg(c): argument of a complex number ¢ = re? with arg(c) == ¢

o 12([a,b],w) = {f (a,b) > R ’ (f:w(x)f(x)zdx)l/2 < oo} : Hilbert space
with inner product (f,g) = fﬂbf(x)g(x)w(x)dx

1 ifk=1,
e J;1: Kronecker delta with J; ; := fork,l € Z
0 otherwise,

e deg(f): degree of the polynomial f

e (f,8)o = fab f(x)g(x)w(x)dx inner product corresponding to the set of orthog-
onal polynomials {Qk|k € N}

e 9(x,t): generating function as in (4.6)

e L,,w: Sturm-Liouville operator as in Definition 4.16

o V' :={¢: V- K| ¢ linear} dual space of the vector space V over the field K
e A*: adjoint operator as in Definition 4.21

e A': Moore-Penrose inverse as in Definition 5.6

e gcd(p,u): greatest common denominator of two numbers p, u € N

e P,: projection matrix as in (5.40)
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1 Introduction

The reconstruction and analysis of sparse signals is a common and widely stud-
ied problem in signal processing, for example in wireless telecommunication, see,
e.g., [QI99], biomedical engineering, see, e.g., [BKRE09Y], or power system theory, see,
e.g., [TSSP91]. Hereby, most recovery methods exploit structures or special properties
of the functions which are to be reconstructed. Particularly interesting are methods
which aim to recover functions which possess a sparse representation in a given basis
and use only a small set of sampling values.

Over the years different approaches have been used to analyse and recover struc-
tured functions such as greedy methods, see, e.g., [CDS98], or non-deterministic meth-
ods in the field of compressed sensing, see, e.g., [CRT06, Don06]. Usually, the recon-
struction algorithms used in the framework of compressed sensing are based on /-

minimization methods and only recover the exact signal with a certain probability.

One example of a deterministic algorithm for the recovery of structured functions
was given in [PW13]. Here, the authors used a small number of Fourier samples for
the recovery of structured functions. In particular, the authors studied how real spline
functions of order m with non-uniform knots containing N terms can be uniquely
reconstructed by m 4+ N Fourier samples. Furthermore, in [Bit17, BZI19] deterministic
fast Fourier transform based algorithms for the recovery of 27t periodic functions with

short frequency support were derived.

One of the best studied examples of structured functions, which for example natu-

rally appear in decay processes, are sparse exponential expansions, i.e.,

j=1

where ¢; € C\ {0} and &; € C with [Im(a;)| < 7 for j = 1,..., M. One way to identify
the parameters «; and ¢;, j = 1,..., M and therefore, recover such sparse exponen-
tial expansions is by Prony’s method due to [dP95], which gained great popularity
in the last decade. This method uses 2M equidistant sample values f(xo + hk) for
k =0,...,2M — 1, with sampling distance 1 € R\ {0} and starting point xy € R.
Even though Prony’s method is a rather simple one, it is highly versatile and can
also be used for the algebraic recovery of piecewise smooth functions, see [Bat15], or
sparse phase retrieval in one dimension, see [BP17]. For system reduction, Prony’s
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method is related to the problem of low-rank approximation of structured matri-
ces, in particular Hankel matrices and corresponding nonlinear least-squares prob-
lems, see [Mar12, UM14]. The problem of sparse approximation also connects Prony’s
method and the AKK-theory, see [AAK71], which is a theory used for best approxi-
mation problems associated with (infinite) Hankel matrices and operators, and is used
by engineers for model reduction. In [Pot17] this connection is used for the approxi-

mation of signals using exponential sums with frequencies inside the unit circle.

Since Prony’s method is known to be numerically instable, different numerically
stable methods have been derived. One possible stabilization method is the so called
Approximate Prony method, see [PT10], which is based on [BMO05]. Another possible
stabilizing method was proposed in [FMP12], where instead of samples of the original
signal, a windowed average of their autocorrelation sequence is used. This approach
is based on the application of operators of the form Y™ ¢ (%) f(k)el*), where g
is a suitable smooth, even function studied in [MP00, MP05], and, enables rigorous

performance guarantees for Prony’s method.

One of the most notable generalizations of Prony’s method, the so-called general-
ized Prony method, was introduced in 2013 by Peter and Plonka, see [PP13]. Here
the reconstruction algorithm behind Prony’s method was extended to the recovery of

sparse expansions into eigenfunctions of certain linear operators, i.e.,

flx) =) cmjlx),
i€l
where | is a index set of size M € N, ¢; € C\ {0} and v; being the eigenfunction
of a linear operator A. The reconstruction can now be done using 2M values of the
form F(AK(f)) for k = 0,...,2M — 1, where F denotes a linear functional, satisfying
F(v;) # 0 for all eigenfunctions v;.

While some examples of suitable linear operators were given by Peter and Plonka,
e.g., the shift operator as well as certain differential operators, the sample values
needed for the reconstruction are not always accessible in practice. This leads to the

following questions.

(i) Can we find other suitable linear operators with meaningful structured functions

as eigenfunctions and easily accessible sample values?

(ii) Can we modify methods for the numerical stabilization of the Prony method
such as the ESPRIT method, see, e.g., [PT13], for the generalized Prony method?

Based on the questions above, we investigate what functions can be recovered using
only sample values that are easily accessible. Based on the theory of one-parameter
semigroups we derive so called generalized shift operators and their eigenfunctions,

so-called generalized exponential sums. The framework of generalized exponential
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sums and generalized shift operators covers all previously derived examples for the
application of the generalized Prony method. Moreover, we extend this to general-
ized trigonometric expansions. Furthermore, we elaborate on the connection between
generalized shift operators and linear differential operators. We introduce a Prony
based method for the reconstruction of orthogonal polynomials based on generating
functions and connect this recovery method to our generalized shift operators.

Additionally, we can answer the second question above in the affirmative. We show
that the numerical stabilizations of Prony’s method are not limited to the case of ex-
ponential expansions but also can be used for the structured functions we considered
throughout this thesis.

This dissertation is organized as follows. In Chapter 2 we give an overview of
Prony’s method and derive the algorithm for the reconstruction of sparse exponential
expansions. Moreover, we present the generalized Prony method for the reconstruc-
tion of M-sparse expansions into eigenfunctions and highlight how the classical Prony
method can be viewed as a special case of the generalized Prony method by using

shift operators.

In Chapter 3 we extend the notion of shift operators. We introduce symmetric shift
operators for the reconstruction of trigonometric functions and generalized shift op-
erators for the reconstruction of generalized exponential sums. To this end, we in-
troduce the concept of operator-valued exponential functions and prove, based on
the work [DOTV97], that each generalized shift operator can be written as such an
operator-valued exponential function with a suitable differential operator A. We
show how non-stationary signal such as generalized exponential sums or generalized
trigonometric expansion can be recovered from suitable function values using the gen-
eralized Prony method. Furthermore, we use the established connection between shift
operators and differential operator to derive a Prony based reconstruction method for
generalized exponential sums using linear differential operators. Moreover, we illus-

trate our finding with numerical examples.

In Chapter 4 we focus on the reconstruction of sparse expansions into orthogonal
polynomials. We recall some of the most important properties of orthogonal poly-
nomials and derive a new recovery method for the reconstruction of sparse expan-
sions into orthogonal polynomials using Prony’s method and generating functions.
Additionally, we explain how this recovery fits into the framework of generalized ex-
ponential sums and generalized shift operators, which we developed in Chapter 3.
Moreover, we highlight the differences between our newly developed algorithm and
some already existing approaches based on Prony’s method and illustrate our findings

with numerical examples.

Chapter 5 is dedicated to the numerical analysis of the Prony method for generalized
exponential sums. Based on [PT13] we derive a modified ESPRIT algorithm for the
reconstruction of generalized exponential sums. Furthermore, we analyse the case of
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partially known frequencies and modify the results on clustered frequencies obtained
in [CL20a] for generalized exponential sums. Finally, we elaborate on the modification
of Prony’s method for sparse approximation. We illustrate our derived algorithms

with different numerical examples.

All experiments in this thesis were implemented in MATLAB 2020a and conducted
with a 2,7 GHz Intel Core i5 processor and 8 GB 1867 MHz DDR3. For the computation
of polynomials roots, singular values and least square solutions internal MATLAB

routines have been used.



2 The Prony Method

In 1795 Gaspard Riche de Prony developed a method for the reconstruction of low
order exponential functions, see [dP95]. Even though this method dates back to the
18th century, it has preserved up to this date and has inspired a variety of appli-
cations in the field of electrical engineering, see [VMBO02], for the approximation of
Green’s function in quantum chemistry, see [YFG'04], and even in the medical field,
see [JHLC16].

As the Prony method lies at the core of this thesis, we will begin by introducing
the classical Prony method as well as one possible generalization in the form of the

generalized Prony method by Peter and Plonka, see [PP13].

2.1 The Classical Prony Method

Prony’s method is a procedure for the identification of parameters in exponential
sums, that is, the Prony method can be used in order to determine frequencies &; and

corresponding coefficients ¢; of a function f: R — C given as

flx) = %Cje"‘f" 2.1)
j=1

for ¢; € C\ {0} and &; € C with —7r < Im(a;) < Im(az) < ...Im(ap) < 7 for
j = 1,...,M. Here it is always assumed that M is minimal, i.e., that «; # wa; for
i # j. One big advantage of Prony’s method is that it only uses the minimal number
of 2M values f(k) for k = 0,...,2M — 1, combined with methods from linear algebra

to reconstruct f.
For each signal of the form (2.1), we can define the associated Prony polynomial as

M M
Pz)=]](z—A)) = kz Pzt (22)
=0

j=1

with A; := e% for j = 1,..., M. We note that by definition the Prony polynomial is

monigc, i.e., ppy = 1.

We can interpret the signal f in (2.1) as the solution to a homogeneous linear differ-
ence equation and, therefore, understand the Prony polynomial P as the characteristic

polynomial corresponding to the linear difference equation. We verify this by the
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following computation for m € Ny

M M M
Z prf (k+m) Z Pk Z c] je-mm) Z cje"‘f’” Z pke“/‘k
k=0 j=1 k=0

M (2.3)
=) "cjet" P(e") = 0.
= ——
Employing the fact that the Prony polynomial is monic, we can rewrite (2.3) as
M-1
Y. pef(k+m) = —f(M+m) Vm € Ny. (2.4)

Based on this we can form the minimal linear system for the computation of the coef-

ficients py, k =0,..., M — 1, of the Prony polynomial P given in (2.2)

fO)  f) o fM-T) Po f(M)
f(.l) f(‘2) f(M) o f(M:Jr 1) . 25)
fM=1) f(M) ... fCM=2)) \pm- feM 1)
=Hpy

The matrix Hy € CM*M, which entries are constant along the diagonals parallel to
the antidiagonal, is called a Hankel matrix and is indeed invertible since it can be
factorized in the following way

M-1 y M-1
Hy = (f(k+m))p, = 0 <ZC1 k+m> = (Zcfe“jkeajm>
o VI

k,m=0
7= Jk=0=1 j=1m=0

M-1,M
= (e“fk>k:Oj:1 ~diag(cy, ¢, ..., cm) - (€% )]Ai{wm:lo

= Vp(e',. .., e"M) -D-VJTVI(e‘J‘l,...,e“M),

k,m=

where
1 1 1
M-1,M et et2 em
V(e ... ™) = (e Jk> e cMM
k=01 . L
eocl (M*l) eocl (M+1) . etXM(Mfl)
denotes the Vandermonde matrix to the nodes €% and D := diag(cy,c2,...,cm) is

the diagonal matrix containing the parameter c; for j = 1,..., M. In order not to
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overload the notation we will omit the specification of the nodes and only write Vy
up to Chapter 5.4. The matrix D has only nonzero diagonal entries and is, therefore,
invertible and the Vandermonde matrix V), is invertible because of a; # a; for j # k,
see [Sch02], Section 3.1.2, Lemma 3.1.2.

Once the coefficients of the Prony polynomial have been computed, we can calculate
its roots A; = e for j = 1,..., M. One way to do this, is by solving the eigenvalue
problem of the companion matrix Cy;(p) of the Prony polynomial P with coefficients
prk=0,..., M—1,and p = (po,...,pm_1)", see [HJ13] pages 194 — 195, with

10 ...0 p
Cu(p):= [0 1 0 p2 |. (2.6)
00 ... 1 Pm-1

The values aj, j = 1,..., M, can then be easily computed by taking the principal branch
of the logarithm.
Therefore, as a last step, we compute the coefficients ¢j in (2.1) forj =1,...,M. This

can be done by solving the following Vandermonde system
M
f(k)y=Y ce¥* for k=0,...,.2M—1. 2.7)
j=1

We summarize the above results in the following algorithm.

Algorithm 1 The Classical Prony Method
Input: M € N and f(k) fork =0,...,2M — 1, as in (2.1).
1: Form the Hankel matrix Hys := (f(k + é)),ﬁ;lo aswell as f := (f(M + 6))?/:01 and
solve Hy - p = —f for p :== (pg)?iBl as in (2.5).

2: Define the Prony polynomial P(z) := Y2, pxzF with py = 1 as in (2.2), find all
roots A; = e" and compute a; = log(A;) forj=1,..., M.
3: Determine the coefficients ¢; for j = 1,..., M as the solution to the Vandermonde

2M—1,M
system Voprar - ¢ = fou as in (2.7) with Voym = (e"‘fk) = (cj)j]\i1 and

fon = (f(k)io -
Output: ¢jand aj forj=1,..., M asin (2.1).

k=0,j=1"

Remark 2.1 The classical Prony method assumes M to be a known parameter. As this
is often not the case in applications, see, e.g., [Hac05], there also exists a variant of
Prony’s method which computes the parameter M using oversampling and an upper
bound N > M on the number of terms in the exponential sum (2.1). In the noiseless
case, we construct Hankel matrices H; € CF*¥ similarly to the one in (2.5) but of
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different size k = 1, ..., N, and note that det(Hy) # 0 for k = M and det(Hy) = 0 for
k > M, see [KLO3], Theorem 4. However, due to the nature of the signal f, we may get
det(Hy) = 0 for some k < M. Therefore, it is not sufficient to determine det(Hy) for
growing k in order to find M. One possible approach to obtain the parameter M is to
analyze the singular values of the matrix Hy for some upper bound N for M and to
determine M as the (numerical) rank of Hy.

Since the matrices Hys and Va1 0 occurring in Algorithm 1 are usally ill-conditioned,
see [Tyr94] and [Pan16], there exist many methods aiming at higher numerical stability
such as the approximate Prony method, see [PT10], or the ESPRIT algorithm, see
[RK89], and Chapter 5. O

Remark 2.2 (i) The classical Prony method is also known as the annihilating filter
method and is often used in the field of electrical engineering especially, with
regard to finite rate of innovation methods, see, e.g., [VMB02, DVB07]. In this
framework the Prony polynomial P is the z-transform of a filter with coefficients
px fork =0,...,M, i.e., it is of the form P(z) = ]—[j]\il (1—-z71A)) = Y M pez
with pg = 1. The sampling scheme is shifted by M + 1 and instead of the Hankel
system in (2.5), a so-called Toeplitz system of the form

£(0) f=1) . f(=M+1)

f(1) f0O) ... f(=M+2)
fM-1) f(M-2) f(0)
f(=M+1) f(-M+2) £(0 00 ...1
f(=M+2) f(—-M+3) ... f(1) 0 ... 1 0
N : : : o 0 0
£(0) f(1) o f(M=1) 1 0 ...0

is used, see [VMBO02], page 1420. As seen above the entries of the Toeplitz matrix
are constant along the extra-diagonals. Thus, the Toeplitz matrix is connected to

the Hankel matrix via multiplication with the counter identity matrix.
(ii) The model f in (2.1) also has close relations to the expansion

M
g(x) =) cid(x—s;)
j=1
for ¢; € C\ {0}, s; € R, and delta-distribution ¢. Using the fact that the Fourier
transform ¢(w) = F(g)(w) = [ g(t)el“!dt can be extended to the space of
tempered distributions, we can interpret the exponential sum f in (2.1) as a
Fourier transform of g using aj = is; for j = 1,..., M. Therefore, g can also

be recovered using Prony’s method and equidistant Fourier samples. Moreover,
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this idea was extended to finite linear combination of arbitrary shifts of a given

function ¢ € L'(R) with non vanishing Fourier transform ¢, i.e.,

M

g(x) =) cip(x —aj)

=1
with a; € R, forj =1,..., M, see [PW13].

(iii) If we assume |e%| < 1 for j = 1,..., M, considering the data samples f(k) as

Taylor series coefficients

= Y Y et = Y
P B 1—e%z

k=0 =0 j=1

relates Prony’s method to Padé approximation as shown in [PT14a,Cuy20, WM63].
O

It is well known that Prony’s method is highly instable in the presence of noise,
see, e.g., [LC56], pages 276-280, due to the ill-conditioned Vandermonde matrices,
see [Pan16]. Different models and algorithms were developed to tackle this problem.
In 1973 Pisarenko used the covariance structure of the signal in order to introduce
a set of noise reduced samples, see [Pis73]. Moreover, modified versions of Prony’s
method based on non-linear least square problems and iterative maximum likelihood
estimation were introduced by Osborne et al., see [OS91, Osb75].

Furthermore, if the minimal separation distance

q:= i,jiﬂ‘,i..r,‘,M o — a;
i#]

between the frequencies aj, j = 1,..., M, is small, Prony’s method is not able to dis-
tinguish between the frequencies. In [CL20a] a method for retrieving high resolu-
tion information from coarse-scale measurements, using uniform downsampling and
exploiting aliasing in order to increase the resolution is introduced. The effect of
clustered frequencies and on the stability on Vandermonde matrices have also been
studied in [KN21].

2.2 The Generalized Prony Method

In recent years a variety of applications and modifications of Prony’s method have
been derived for the recovery of structured functions such as sparse expansions into
Legendre polynomials, see [PPR13,PT16], or sparse expansions into Chebyshev poly-
nomials, see [PT14b].
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Furthermore, multivariate models of Prony’s method have been established, see,
e.g., [KPRv16,PV20,CL18].

Most notably are the generalized Prony method derived by Peter and Plonka in
2013, see [PP13], as well as the generalized operator based Prony method developed
by Plonka and Stampfer in 2020, see [Stal8,5P20]. We will give a brief summary of the
generalized Prony method as described in [PP13], and begin with reformulating the
classical Prony method.

We note that we can interpret the exponential functions in (2.1) as expansions into

eigenfunctions of the shift operator S; with

S1: C(R) — C(R)
f=f(-+1).

Using
wix ai(x+1 N KX
Slef—ei( )_ele],

we can reinterpret the roots of the Prony polynomial P in (2.2) as the eigenvalues e"/
corresponding to the eigenfunction e“*. Introducing the point evaluation functional
Fy: C(R) — C with Fy(f) = f(0), we are able to rewrite the samples used in the
Prony method in the following way,

Fo(SYF) = Fo(f(- +k)) = f(k) fork=0,...,2M —1.

The key ingredients are the iterative application of the shift operator S, its eigenvalues
and the fact that S; is a linear operator. Thus, we have the basis for the generalized
Prony method, whose major contribution is that it enables us not only to reconstruct
exponential sums as in (2.1) but rather sparse expansions of eigenfunctions of a linear
operator A.

We, therefore, consider a normed (complex) vector space V and a linear operator

AV =V

v — Av.

We assume that A possesses eigenvalues A; and corresponding eigenfunctions v; such
that

AU]' = /\]'U]',

where the eigenvalues A; are pairwise distinct. Furthermore, we assume that the eigen-

values are simple, i.e., there exists a unique correspondence between the eigenfunction

10



2.2 The Generalized Prony Method

v; and its corresponding eigenvalue A;.

Definition 2.3 (M-Sparse Expansion) Let M € IN, V be a normed (complex) vector
space and A: V — V be a linear operator with eigenfunctions v; and corresponding
unique eigenvalues A;. Then we call f an M-sparse expansion into eigenfunctions of
A if f is of the form

M
x) =) cjvj(x) (2.8)
=1

with ¢; € C\ {0} for j =1,..., M. We assume M to be minimal.

Definition 2.4 (Prony Polynomial) Let f be an M-sparse expansion into eigenfunctions

of a linear operator A as in (2.8). The associated Prony polynomial is defined as

M M
P(z) =]](z— 7)) = kZ: pizk (2.9)
=0

j=1

with the roots of the Prony polynomial A; being the eigenvalues corresponding to the

“active” eigenfunctions of f.

We want to proceed analogously to (2.3). Thus, we employ a linear functional
F: V — C, which is non-vanishing on the eigenfunctions v; of the linear operator A,

i.e., F(v;) # 0, and consider the following equation for m € INg

M M M M M
Z ka(Ak‘H’”f) = Z ka Ak+m Z C]"U]' = Z ka Z C]' Ak+mvj
k=0 k=0 j=1 k=0 =1 ~—~—~
:)L;H—mvj

M M .

- 2 Pk ZCJ)‘ A'E(vj) = ) ¢iF(0p)A]" ) pAf = 0.
j=1 E:_\/_/
=P(4;)=0

Again, we can employ the fact that the Prony polynomial is monic and thus we
obtain

M—
Z prE(AMT Y = —F(AM*"£) V' m € N,.
k=0

11
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We formulate this as a Hankel system for m = 0,...,M — 1 and get

F(f)  F(Af) ... F(AM-1f) Po F(AYf)

; M M+1
FAD FUR) e FAND e | RN
p(AM—lf) P(AMf) F(AZM—zf) P]\/'I—l F(AZM‘lf)

=Hy

We can again diagonalize the Hankel matrix using Vandermonde matrices in the
following way

1 1 .1 c1F(v1) 0 0 1T A L A
M A . Am 0 c2F(v2) ... 0 1 Ay ... AN
AMEL QML A Mt 0 0 ... cuF(om) 1 Am ... AMT
=Vpm =D :V&
(2.11)

Since the eigenvalues A; for j = 1,..., M are assumed to be pairwise distinct, the Van-
dermonde matrix V) is invertible. The diagonal matrix D is invertible as it contains
only nonzero entries on its diagonal, since ¢; # 0 # F(v;) forj =1,..., M.

Once we have computed the coefficients py, k = 0,..., M — 1, of the Prony polyno-
mial (2.9), we can calculate its roots A; for j = 1,..., M, which are eigenvalues of the
linear operator A. Using the fact that there exists a one-to-one correspondence between
the eigenvalues A; and eigenfunctions v;, we can derive the “active” eigenfunctions in
the M-sparse expansion f.

At last, we again need to compute the parameters Cj forj=1,...,M. This is done
by solving the linear system

M
F(A*f) =Y ¢jAfF(vj) fork=0,...,2M - 1. (2.12)
j=1

We summarize these results in the following theorem.

Theorem 2.5 Let f be an M-sparse expansion into eigenfunctions of the linear operator
A:V — Voasin (2.8). Let F: V. — C be a linear functional such that F(v;) # 0 for all
eigenfunctions v; of the operator A. Then f can be uniquely reconstructed using only the 2M
values F(AXf) fork = 0,...,2M — 1, i.e., we can uniquely determine the parameters cj and
the “active” eigenfunctions v; of f.

This yields the following algorithm.

12



2.2 The Generalized Prony Method

Algorithm 2 The Generalized Prony Method
Input: M € N and F(A*f) fork =0,...,2M — 1
M-1
1: Form the Hankel matrix Hy = (F(A(k”)f)) as well as f =

M-1 P
(F(A(MM)f))g,O and solve Hy - p = —f for p := (pg)é\/:ol as in (2.10).
2: Define the Prony polynomial P(z) := Y2, pyzF with py = 1 as in (2.9), find all
roots )\]-, j=1,...,M, of P and determine the corresponding eigenfunctions v; for
j=1,...,M.

B 2M—1,M

3: Solve the Vandermonde-like system Vap - € = fopr with Vo = </\;‘()k 0zl ’
=0,j=

= (ciF(v)) ]]\i Land £y == ( F(A¥ f))ifoil as in (2.12) and compute the coefficients

cj:%forjzl,...,M.
]

Output: ¢; and v; forj=1,...,Masin (2.8).

Remark 2.6 The generalized operator based Prony method as derived in [Sta18,5P20]
- connected to [PSK19] - is a further theoretical framework in order to systematically
obtain new reconstruction schemes for sparse expansions into eigenfunctions of spe-
cial linear operators with two essential goals.

First off, this method aims to derive simple reconstruction schemes for more general
expansions. The second goal is to obtain a variety of different sample sets that admit
the recovery of these expansions. In particular, this method introduced a generaliza-
tion of the linear sampling function F.

Furthermore, in 2020 an algebraic framework has been proposed which general-
izes several variants of Prony’s method and explains their relationships towards one
another, see [KRv20]. O

13






3 The Reconstruction of Generalized
Exponential Sums and Generalized

Trigonometric Sums

In the last chapter we have seen that the classical Prony method is only a special case
of the generalized Prony method using the shift operator S;: C(R) — C(R) with
S1(f) == f(- +1). Indeed, there is no need to restrict ourselves to the shift operator
with the shift parameter 1. In fact, we can choose a more general approach and define
the shift operator with the shift parameter / for h € R\ {0} as

Sp: C(R) — C(R)

3.1
f f(-+h).

Thus, we can take a first step towards the generalization of shift operators and
choose a starting point xp € R, and a sampling distance & € R\ {0}, and according
to Theorem 2.5, we can recover the exponential sum f in (2.1) using the samples
f(xo + hk) for k =0,...,2M — 1. Here, we employ the Hankel matrix

Hy = (f(xo+h(k+m))h s

and assume that [Im(«;)| < |7 | holds forall j =1,..., M.

In this chapter we want to explore generalizations of the classical shift operator S,
as in (3.1) and derive connections to exponential operators. Furthermore, we want to
identify which functions can be reconstructed using Prony’s method and generalized
shift operators.

Thus, a first generalization of the shift operator is studied in Section 3.1. This will
lead to a Prony based recovery method for sparse trigonometric expansions.

In Section 3.2 we further generalize the shift operator based on the theory of expo-
nential operators and semigroups. In particular, the so called generalized exponential
sums are introduced in Section 3.2.1 as eigenfunction of generalized shift operators.
Moreover, generalized trigonometric sums and their recovery are studied in Section

3.2.2. In Section 3.2.3 we use the fact that exponential functions e*/™*

are not only
eigenfunctions of the shift operator S;, but also of the ordinary differential operator d%
in order to derive linear differential operators such that generalized exponential sums

can be recovered using Prony’s method and these differential operators. Addition-

15
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ally, we will explain the connection between the linear differential operators and the
generalized shift operators.

Section 3.3 is devoted to illustrating our results numerically. This chapter is based
on our papers [PSK19], [KPS19] and parts of our survey [KP21].

We start by taking a closer look at the reconstruction of expansions into trigonomet-

ric functions, i.e., functions of the form
M M
f(x) =Y cjcos (a;x) or  f(x)=)_c¢jsin(ajx) (3.2)
j=1 j=1

forc; € C\ {0} and &; € R for j = 1,..., M, and construct a suitable shift operator for

the recovery of such functions.

3.1 Reconstruction of Trigonometric Expansions

In the following we will focus on a sparse cosine expansion f, as analogue arguments
can be made for sparse sine expansions as well as sparse hyperbolic expansions. Using
the fact that cos (ax) = J (e** + e~"%¥) holds, we can always rewrite f as an exponen-
tial sum of length 2M and use the classical Prony method and 4M functional values
in order to recover the parameters c; as well as a; for j = 1,..., M. Moreover, this also
motivates a first idea for a generalized shift operator, namely a linear combination of
the classical shift operator S, and S_j, in order to recover trigonometric functions, see
also [PSK19].

Definition 3.1 (Symmetric Shift Operator) Let 1 € R\ {0} be a shift parameter. Then
the symmetric shift operator S, _;: C(R) — C(R) is defined as

L (Flx+h)+ f(x—h). (33)

N —

Sn-nf(x) =7 (Suf (x) + S_nf(x)) =

N |

As the iterative application of the operator is a key ingredient in the generalized

Prony method, we are interested in the properties of the symmetric shift operator.

Proposition 3.2 Let hy, hy € R\ {0} be shift parameters and f € C(R). Then the following
is true

1
Shl,—hlshz,—hzf = Shz,—hzsl’ll,—hlf = E (Sh1+h2,—(/’ll+/’lz) + S/’l1—h2,—(h1—]’l2)> f‘

In particular, we have

] 1 L2k 1/ &
Sh-nf = 51 é;) (£>S(k—2£)h,—(k—2€)hf+5k/2,Lk/2jZk<Lk/2J>f (3.4)

16
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fOT’ k € INp.

17
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Proof. Let f € C(R) and let hy,h; € R\ {0} be shift parameters. Then we find for
x€R

Shy,—iy Sy~ f (%) = Shl,fhlé (f(x+h2) + f(x = h2))
= % (Shy,—n f(x +h2) + Sy, —p, f(x — h2))

= % (f(x+ha+h) + f(x+hy—hi) + f(x —ha+hy) + f(x — hy — hy))

= % (Sh1+h2,f(h1+h2)f(x) + Shlfhz,f(hlfhz)f(x)) -

Analogously, we can conclude

Shy, 1Sy, —in f (X) = Sy, 1y Sy, — 1y f (X))

Now let k € INp. Then the k-th iteration is given by
SR Sy
fouf = ( S+50)) £= 5 1 ()5t
=% Z < >Sh k—20)f

1 \_(kfl)/Zj k k k k
= — (£> Sh(kfzg)f + Z <£> Sh(k72€)f + <Lk/2J > 5k/2, \_k/zjf

= (= [(k=1)/2]+1
L[ ¢
= _ gg <£> (Sh(kf%) + 5 _nk—20 )f+ (Lk/2J>5k/2,Lk/2jf
1 Lk1)/2] <k> 1 ( k )
= — S + (5 .
w1 A \g)P20n-te20 nf AEIANTYY f

O]

This iteration property yields a connection between the reconstruction of trigono-
metric functions and Chebyshev polynomials. In the following we will, therefore,
introduce some of the most important properties.

Definition 3.3 (Chebyshev Polynomials of First Kind) Let n € INg and x € R. Then
the Chebyshev polynomial of first kind of degree n + 1 is defined as

Toa(o) =2 T (r=cos (GEEN) ) = i

k=0

with To(x) =1.

We summarize some of the most important properties of the Chebyshev polynomials
of first kind in the following lemma.

18
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Lemma 3.4 Letn € Ngand x € R.
(i) Ty is a polynomial of degree n.

(ii) The leading coefficient of the Chebyshev polynomial T, is given by

2n=1ifn > 1,
ann = .
1, ifn=0.

(iii) The n zeros of T, are given by

t, ¢ = cos <(2£2+nl)ﬂ> for{ =0,...,n—1,

and are called the Chebyshev nodes.

(iv) For x € [—1,1], the Chebyshev polynomial T, can be written as

Tu(x) = cos (narccos (x)).

(v) The Chebyshev polynomials satisfy the recurrence relation
Tyi1(x) = 2xTy(x) — Ty—1(x)

with To(x) = 1 and Ty (x) = x.

(vi) The n-monomial can be expressed in terms of the Chebyshev polynomials in the following

way
Y 1 220y 1 n

Proof. The claims (i), (ii) and (iii) follow directly from Definition 3.3. Proofs of (iv) and
(v) can be found in [PPST19], Section 6.1. The proof for (vi) can be found in [FP68],
Section 3.6. 0

Definition 3.5 (Chebyshev Vandermonde Matrix) Let # € IN and (x;)}_; € R". The

matrix
T, = (To(x))_ghey € R™ (3.6)

is called the Chebyshev Vandermonde matrix.

19
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Lemma 3.6 Letn € Nand (x;)}_, € R" such that x; # x forall j # kwith j,k =1,...,n.
Then the Chebyshev Vandermonde matrix T, is invertible with

det (Tn) = 2(n—1)(n—2)/2 H (x] — xk).

1<j<k<n

Proof. By Definition 3.3 and Lemma 3.4, the j — 1-th Chebyshev polynomial can be
written as Tj_1(x) = 2/72x/~1 + Z]e;zo a;_1,x" and is polynomials of degree j — 1 with
j=1,...,n. Therefore, there exist coefficients by € R for k =0, ...,n — 2 such that

j—2

j—2
Y beTi(x) = Y ayqx" =1 o(x) (3.7)
k=0 =0

holds for all j > 1. Hence, for each row of T, we can subtract the linear combination
of the previous rows given in (3.7) and use the multilinearity of the determinant to get

To(xl) TQ(XZ) To(xn)
Tl(xl) Tl(xz) .. T1(Xn)
det(T,) = det | To(x1) Ta(x2) ... Ts(xn)
Tn—l(xl) Tn—l(xZ) v Tn—l(xn)
1 1 e 1
X1 X2 e Xn
— det 2x2 +ro(x1) 2x3 +ro(x2) ... 2x2 +1o(xy)
2”*2x;"1 + rp—a(x1) 2”*2x§’1 +rpa(x2) o 272 b o (k)
1 1 . 1
X1 X2 e Xn
= det 2x{- 2x§ ... Zx%
2n72x?71 2n72x§fl L 2n72xZ71
1 1 o1
_ 2(”*2)(”*1)/2det X1 X2 e Xn
xiqul xiz’lfl xzfl
— o(n=2)(n-1)/2 1_[ (xj _ xk)-
1<j<k<n

The factor 2("~2)("=1)/2 appears since the j-th row contains the factors 22 for j > 1.
n—1n

The last equality holds due to the fact that the Vandermonde determinante (x{{) —0k=1
is of the given form, see [Sch02], Section 3.1.2, Lemma 3.1.2. O
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Remark 3.7 We recall that the Vandermonde matrix has a connection to polynomial
interpolation in the monomial basis, i.e., the problem of, given (n + 1) data tuples
(x0,40),- -+, (xu,yn) € R?, finding a polynomial P of degree at most n which satisfies

P(xx) = yx fork=0,...,n.

If we rewrite this as a linear system, the corresponding matrix is a transposed Vander-
monde matrix of size (n+ 1) x (n + 1), which is invertible if the data points xo, ..., x,
are pairwise distinct. Consequently, if we consider the problem of polynomial inter-
polation in the Chebyshev basis, the corresponding linear system involves Chebyshev
Vandermonde matrices. Lemma 3.6 ensures that this interpolation problem is, indeed,
solvable if the given points xo, ..., x, are pairwise distinct.

Furthermore, this idea can be generalized to the problem of polynomial interpola-

tion for different polynomial basis such as different orthogonal polynomials. O

Proposition 3.8 Let h € R\ {0} be a shift parameter and Sy, _j, be the symmetric shift oper-
ator as in Definition 3.1. Then Sj, _j, possesses eigenfunctions of the form cos (ax), sin (ax)
as well as cosh (ax) and sinh (ax) for « € R.

Proof. We show the claim for the trigonometric functions cos (ax) and sin (ax). To this
end, we use the trigonometric identities cos (x £ y) = cos(x) cos(y) F sin(x) sin(y) and
sin (x £ y) = sin(x) cos(y) =£ cos(x) sin(y), respectively. This yields

Sp,—n(cos (ax)) = % (cos (a(x+h)) + cos (a(x —h)))
:% (cos (ax) cos (ah) — sin (ax) sin (ah) + cos (ax) cos (ah) + sin (ax) sin (ah))

= cos (ax) cos (ah)
and
Sp,—n(sin (ax)) = sin (ax) cos (ah),

respectively. Since analogue trigonometric identities hold for cosh (ax) and sinh (ax)
the claim follows. O

Theorem 3.9 Let M € IN and f be an M-sparse cosine expansion, i.e.,
M
f(x) =) _cjcos (ajx) (3.8)
j=1

forc; € C\ {0} and a; € R for j = 1,..., M. Furthermore, let K € R such that a; € [0,K)
forallj=1,...,Mand h € R\ {0} be a shift parameter such that h = %. Then f can be
uniquely recovered using the 2M samples f(kh) for k =0,...,2M — 1. Moreover, let xg € R
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be an arbitrary sampling point satisfying a;xg # = 2”1 for all ¢ € Z. Then f can be uniquely

recovered using the 4M — 1 samples f(xo + hk) for k =-2M+1,...,2M - 1.

Proof. Equation (3.4) yields that the k-th iteration of the symmetric shift operator S _j,
can be written as a linear combination of the shift operators S;;_j, for £ = 0,... k.
Therefore, we will use the shifts Sy, _j, instead of Slﬁ,_h. Furthermore, comparison of
(3.5) and (3.4) yields that the linear combination used in both expression is, indeed,
the same. Thus, it is advantageous to define the Prony polynomial in terms of the
Chebyshev polynomials of first kind, i.e.,

—-

P(z) == | |(z — cos (a;h) Z prTx(z

j=1
We note that due to the fact that the leading coefficient of the k-th Chebyshev poly-
nomial is 2871, py = 21\}—,1 holds. For the first step we compute the coefficients py,
k =0,...,M—1, of the Prony polynomial using the given samples. Therefore, we

employ the definition of the Prony polynomial as well as Proposition 3.2 and get for
xo € R and the signal f in (3.8)

M=

Pk (Shk,—nkSmnf (X0))

T
o

1=

pi (f (xo + (m 4 k)h) + f(x0 + (m — k)h))

=~
Il
o

¢j (cos (aj(xo + h(m +k))) + cos (aj(xo + h(m —k))))

N = N =
™M=

=

=

T
o
~

Il

—_

I
=
M=

Pk )_ cjcos (a;hk) cos (aj(xo + hm))

T
o
~

Il

—_

M
¢jcos (aj(xo + hm)) Y px cos (ajhk)
k=0

I
M:

\
I
—_

[
Mz

cjcos (aj(xo + hm)) P(cos (ajh)) =0
T

~.
Il
—_

forallm =0,...,M — 1. Analogously, we obtain

M M M
Y Pi (Snk—meS—mnf (x0)) = Z; cjcos (aj(xo — hm)) kZ: pk cos (ajhk) =0
i= =0

form=0,...,M — 1. Now we distinguish between the case xy # 0 and xy = 0.
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3.1 Reconstruction of Trigonometric Expansions

1. For xp = 0 we obtain the linear system

M-1
k;) pr (f((m +k)h) + f((m —k)h)) = —ZMli_l (f((m + M)h) + f((m — M)h))

form =0,...,M — 1. Since f is an even function, it suffices to know the values f(kh)
fork =0,...,2M — 1 to build this system. The corresponding matrix has Hankel-plus-

Toeplitz structure
Hy = (f((m+k)h) + f((m ~ K1) s

M M-1
=2 (Z cjcos (ajmh) cos (ughk))

j=1 m, k=0

=2 (cos (ocjmh))nﬂf:_olﬁl -diag(c1,...,cm) - (cos (ajhk))ﬁ’ﬁ;g

(3.9)

=2Ty - diag(cy,...,cm) - Ty

with the Chebyshev Vandermonde matrix Ty as in Definition 3.5 and nodes cos («;h),
j=1,...,M. The terms cos (chh), j =1,...,M, are pairwise distinct and non-zero
by assumption on h. Thus, Lemma 3.6 yields the invertibility of Ty;. The diagonal

matrix diag(ci, ..., cm) is invertible since ¢ #0forj=1,..., M, by assumption and,

Toep

therefore, H,, " is invertible.

2. For xg # 0 we need to take all samples Sy, ks Smn,—mnf(X0) into account. We
consider

M-1
kZ pr (f (xo + (m +k)h) + f(xo — (m 4+ k)h) + f(xo + (m —k)h) + f(x0 — (m — k)h))
=0

=— ﬁ (f(xo + (m+ M)h) + f(xo — (m + M)h) + f(xo + (m — M)h) + f(xo — (m — M)h)).
(3.10)

Similar to (3.9), the factorization of the occurring Hankel-plus-Toeplitz matrix is given
by

Hy” = (f(xo 4 (m +k)h) + £ (x0 — (m -+ k)h) + f(xo + (m = K)h) + f(x0 — (m = K)))j Lo

M M-1
=4 (2 ¢j cos (a;xg) cos (ajmh) cos (rx]-kh)>
j=1 m, k=0

= 4Ty, - diag(c; cos (a1xg), . .., cprcos(apixg)) - Thy.

The diagonal matrix diag((c; cos (oc]-xo))].l\il) is invertible if ¢; # 0 for j = 1,..., M and
cos ((x]-xo) # 0. This is true if ajxo # W forallk € Zand j =1,...,M, and, thus,
satisfied by assumption.

Once the coefficients py, k = 0,..., M — 1 of the Prony polynomial have been com-

puted, we can derive its zeros cos (ucjh), and, thus, a; for j = 1,..., M. In the last step
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

we need to solve the linear system

M
f(xo+kh) =Y cjcos (aj(xo +kh)), fork=0,...,2M -1,
=1

in order to compute the coefficients ¢ forj=1,..., M. ]

Remark 3.10 We can also use Theorem 2.5 in order to recover an M-sparse cosine
M-1,M-1
expansion f. In this case, we use the Hankel matrix Hy := (Skj,fh f (x0)>k£ .

instead of the Hankel-plus-Toeplitz matrices Hlf/ofp used in (3.10). The corresponding
Prony polynomial is considered in monomial basis.

One advantage of the approach given in Theorem 3.9 is that we can omit the linear
combination of Shift operators given in (3.4). Furthermore, the computation of the
roots of a polynomial in monomial basis is sensitive to noise in the coefficients of the
polynomial, see [Wil59]. A more stable approach is to consider the Prony polynomial
in Chebyshev basis and, therefore, the approach given in the proof of Theorem 3.9 is
advantageous. ¢

We have already noted that the symmetric shift operator possesses both cosine and
sine as eigenfunctions. Thus, we can also apply it for the reconstruction for M-sparse

sine expansions of the form
M
f(x) =Y c¢jsin (a;x) (3.11)
j=1

with ¢; € C\ {0} and «j € R\ {0} forall j = 1,..., M. Indeed, the reconstruction is
similar to the one in (3.8). The major difference is that since sine is an odd function

the point f(0) does not yield information for the recovery of (3.11).

Theorem 3.11 Let M € IN and f be an M-sparse sine expansion as in (3.11). Let K € R such
that a; € (0,K) forallj=1,...,Mand h € R\ {0} be a shift parameter such that h = %.
Let xo € R be an arbitrary sampling point satisfying ajxo # 7wl for all £ € Z. Then f can be
uniquely recovered using the 4M — 1 samples f(xo + hk) fork = -2M +1,...,2M — 1. In
particular, f can be uniquely recovered using the 2M samples f(kh) fork =1,...,2M.

Proof. The proof is similar to the proof of Theorem 3.9. Theorem 3.8 implies that the
eigenvalues corresponding to sin (ax) are also cos (ah). Hence, the Prony polynomial
is defined analogously as in the proof of Theorem 3.9, i.e.,
M M
P(z) =] J(z — cos (ajx)) = Y _ piTi(z)
k=0

j=1

with ppy = 27M+1. This yields the same linear system as in (3.10) with the correspond-
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3.1 Reconstruction of Trigonometric Expansions

ing Hankel-plus-Toeplitz matrix

Hy = (F(xo -+ (m 4+ k)R) + Flxo = (m -+ K)R) + £ (0 + (= K)h) + f(xo = (m = b)), Lo
M-1

M
=4 (Z cjsin (a;xo) cos (a;jmh) cos (uc]-kh)>
j=1

m,k=0

= 4Ty - diag((¢jsin (ajx0)) ;) - Thy,

where T)s denotes the Chebyshev Vandermonde matrix as in Definition 3.5. The
invertibility follows by Lemma 3.6 and sin(a;xg) # 0 by assumption on xoa; # 7tk
for all k € Z. This is for example satisfied for xp = ¥ = h. Thus, the function
values f(xo+hk) = f(h(k+1)) for k = 0,...,2M — 1, are already sufficient for the

reconstruction, since we have

0, ifk=1,

f(xOhk)f(h(lk)){ |
—f(h(1=k)), ifk>2.

After computing the coefficients py, k = 0,...,M — 1 of the Prony polynomial we
derive its roots cos(h«;), and, thus, a; for j = 1,..., M. Then we can compute the
coefficients ¢j for j = 1,..., M as in (3.11) by solving a linear system using the sample

values

M
f(xo+kh) =Y cjsin (a;(xo + kh)), fork=0,...,2M —1.
=1

O]

We have seen that in Proposition 3.8 the hyperbolic functions sinh (ax) as well as
cosh (ax), @ € R, are eigenfunctions of the symmetric shift operator. Therefore, we

can also prove similar results for sparse hyperbolic expansions.

Theorem 3.12 Let M € N, ¢; € C\ {0} and a; € R forall j = 1,..., M. Furthermore,
let K € R such that «; € [0,K) forall j = 1,...,M and h € R\ {0} be a shift parameter
satisfying h = %.

(i) Let f be an M-sparse hyperbolic cosine expansion, i.e.,
M
f(x) =) _cjcosh(ajx).
j=1

Then f can be uniquely reconstructed using the samples f(kh) fork =0,...,2M — 1.
Furthermore, let xo € R satisfy cosh(xoa;) # 0 forall j = 1,...,M. Then f can be
uniquely recovered using the 4M — 1 samples f(xo + kh) for k = —2M +1,...,2M —
1.
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

(ii) Let f be an M-sparse hyperbolic sine expansion, i.e.,

M
f(x) =Y c¢jsinh(ajx)
j=1
with aj # 0 for all j = 1,...,M. Then f can be uniquely reconstructed using the
samples f(kh) for k = 1,...,2M. Furthermore, let xo € R satisfy sinh(xoa;) # 0
forall j =1,...,M. Then f can be uniquely recovered using the 4M — 1 samples
f(xo +kh) fork=-2M+1,...,2M — 1.

Remark 3.13 We note that the trigonometric functions cosine and sine satisfy a differ-

ential equation of the form
y'+y=0.

We can define the differential operator Df := —f”(x) as well as an evaluation func-
tional F such that F(cos (ajx)) # 0 or F(sin (a;x)) # 0 for j = 1,..., M holds and
apply Theorem 2.5 in order to reconstruct sparse trigonometric expansion. Similar
arguments can be applied for the hyperbolic functions. O

Using Remark 2.2 (i), we can also apply suitable transforms such as the Laplace

transform and respectively its inverse in order to recover certain functions.

Corollary 3.14 Let M € N, c; € C\ {0} and «j € R forall j=1,..., M. Let f be a signal
of the form

M x
f(X) :];ij2+a]2'
Furthermore, let K € R such that «j € [0,K) forall j =1,...,M, xo € R, and let h €
R\ {0} be a shift parameter satisfying h = %. Then f can be uniquely reconstructed using
the 4M — 1 samples L~ (f)(xo +kh) fork = —2M +1,...,2M — 1, where L' denotes the
inverse Laplace transform given by

-1 1 : 7 HT ts
L)) = g lim [ et

with v € R being a vertical contour in the complex plane such that all singularities of g are to
the left and g is bounded on the line given by y.
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Proof. We consider the Laplace transform Lf(s) fo ~%*dx and apply it to the
signal of the form ijl cjcos(a;x). This yields

M o M
L (2 ¢j cos(ag-)) (s) :/ ) ¢jcos(ajx)e " dx
j=1 0 j=1
M )
— Z 6 / acjlx te ajzx) e *dx
0

\
i
iR
N

I
M=
N[O

oo
/ e~ (aji—s) +e (ocji—s)dx

( >_MC S
_ _Zfz 2°
S a] s+1x] =1 S —Hx]-

Since the coefficients ciand aj, j = 1,..., M of f are the same as the coefficients of

N
—
o

|
Mz
N0

\
Il
—_

L71(f), we can apply Theorem 3.9 in order to reconstruct £~ !(f) and consequently,
the given signal. O

Analogously, models arising for the Laplace transform of sine, hyperbolic cosine

and hyperbolic sine can be recovered using Prony’s method.

3.2 Reconstruction of Generalized Exponential Sums and

Generalized Trigonometric Sums

In Chapter 2 we have seen that we are able to recover M-sparse expansions of a linear
operator A for M € IN using a generalized version of Prony’s method. While some
examples of suitable linear operators were given by Peter and Plonka, see [PP13], the
sample values needed for the reconstruction are in practice not always accessible. This

leads to the following questions:

1. Can we find further meaningful examples, i.e., can we find a class of functions
with a corresponding linear operator for which we can apply the generalized

Prony method?
2. What kind of information is needed in order to recover these expansions?

In order to tackle the first question we we will introduce the notion of generalized

exponential functions and generalized exponential sums.

Definition 3.15 (Generalized Exponential Sum) Let G: R — R and H: R — C with
G,H € C(R) such that for a given interval [2,b] C R the function G is strictly mono-
tone and the function H is non-vanishing. Then we call f a generalized exponential
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

sum or an M-sparse generalized exponential if it is of the form

f(x) = ch(x)e"‘fG(x) x € [a,b] (3.12)

M=

j=1

with ¢; € C\ {0}, pairwise different a; € C for j = 1,...,M and M € IN. The
atoms e“®¥H(x), j = 1,...,M, of f are called generalized exponential functions.
The function G is called phase function. The function H is called the instantaneous
amplitude function. Furthermore, the signal f is called non-stationary if H # ¢ or
G(x) # mx+d for c,d,m € R for all x € R.

It is easy to see that the classical exponential sum as in (2.1) is a special case of the
generalized exponential sum with H =1 and G(x) = x.
The following section is devoted to the construction of linear operators for which

the generalized exponential sums are eigenfunctions.

3.2.1 Generalized Shift Operators

The fact that the exponential functions are eigenfunction of the classical shift operator
Sy as given in (3.1) is the starting point for the construction of linear operators that
admit generalized exponentials as eigenfunctions. Therefore, this section elaborates
on the connection between shift operators and exponential operators. This will lead
us to generalized shift operators, which we have studied in our papers [PSK19,KP21],
and which were also investigated in [Stal8, SP20].

First of we begin by taking a closer look at the classical shift operator Sj as in (3.1)
and we will recall some notations and theory of operator theory and one-parameter
semigroups. See [ENO0] and [Paz83] for more information on this topic.

Definition 3.16 (Bounded Operator) Let V be a complex Banach space with corre-

sponding norm || - || and A: V — V be a linear operator. Then A is called bounded
if
|A|l == sup |Av]| < oo withve V.
lo]|=1,veV

Definition 3.17 (Operator Valued Exponential Function) Let V be a complex Banach
space with corresponding norm || - || and A: V — V be bounded linear operator. Then
we define the operator valued exponential function as
4 _ o (LA
et =) o (3.13)

k=0

for t € R. In the field of quantum physics this operator is also sometimes called (time)

evolution operator.
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Remark 3.18 The operator valued exponential function is, indeed, well-defined since

A is bounded and
tA tk Ak ik Al
H: Il —ZEHAH =e <
k=0 "

le

L

‘ 00

holds. Furthermore, let ¢(A) be the spectrum of the operator A and p(A) :=C\ c(A)
the resolvent set of the operator A. Then we can define the resolvent

R(-,A): p(A) = L(V)
as
R(AA) = (Ald— A)!

where Id: V — V denotes the identity operator. This is an analytic map, see [ENOO],
Chapter IV, Section 1, Proposition 1.3. Using this we get an equivalent definition of
the operator valued exponential function using Cauchy’s integral formula, see [ENOO],
Chapter 1, Section 3, Defintion 3.4, i.e.,

1

tA._ L [

e i /e R(A, A)dA
su

for all + > 0 and U being an open neighbourhood of the spectrum ¢ (A) with smooth,

positively oriented boundary +JU. We note that the operator valued exponential

function does not depend of the choice of the neighbourhood U. O

These operator valued exponential functions have also been studied in the context
of quantum mechanics and in particular as solutions of generalized difference equa-
tions, see [DOTV97, Wil67]. Moreover, these operators have a connection to non-linear
differential equations, see [Ste84]. Special kinds of differential operators and their
corresponding operator valued exponentials have been studied in [DOTV97, DLOO].

As for the exponential function, it is easy to see that the operator valued exponential
functions fulfil a linearity condition since usage of the Cauchy product yields

elira _ g (o)At g K (s HA”
k=0 k! =2 k=0t k!
= i i tﬁiAgsk_KAk_K — etAesA
iz (k=0

for t,s € R. This motivates the following definition and theorem.
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Definition 3.19 (One-Parameter Semigroup) Let V be a complex Banach space with
corresponding norm || - ||. We call a family of bounded linear operators (T(t));>0 a
(one-parameter) semigroup on V or sometimes linear dynamical system if the follow-

ing is satisfied
(i) T(t+s)=T()T(s) fort,s € Ry,
(i) T(0) = Id.

We call a linear operator A given as

Av = Jim L2 =7 (3.14)

t—0 t

T(t)v—ov
t

for all v € dom(A) = {v eV ‘ lim; g exists} the infinitesimal generator of

the semigroup (T(t))s>o0.
Furthermore, we a call semigroup (T(t))>o strongly continuous if

IimT(t)v =v

t—0

holds forall v € V.

As we have seen above it is easy to see, that (etA)tzo is, indeed, a semigroup. In
particular, the following theorem derives a correspondence between operator valued

exponential functions and semigroups.

Theorem 3.20 Let V be a normed, complex Banach space with corresponding norm || - ||. The

semigroup (T(t))s>o is a uniformly continuous, i.e.,
im ||T(t+h) —T(t)|| =0
h—0

holds, if and only if its infinitesimal generator A is bounded and we have T(t) = e'/.
Proof. The proof is a combination of Theorem 1.2. and Corollary 1.4 in [Paz83]. O

Remark 3.21 Theorem 3.20 implies that the map e?: Ry — L(V) with t — T(t)
is continuous and differentiable. Therefore, we can conclude that the solution to the
homogeneous abstract Cauchy problem

= Au(t) t>0
u(0)=vo v €V fixed

is given by u(t) = T(t)v. The connection between the abstract Cauchy problem and
continuous semigroups is elaborated on in [Paz83], Chapter 4.

O
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Unfortunately, not every semigroup is uniformly continuous. In particular, the op-
erators we want to consider in the following are not bounded. Therefore, we do not

necessarily have convergence of e/4. Nevertheless, if we restrict ourselves to strongly

continuous semigroups, we can still find an interpretation such that T(t) “equals” e'4.

Theorem 3.22 Let V be a complex Banach space, (T(t))i>o be a strongly continuous semi-
group. Then we have

T(t)o = lim ey
t—0

forall v € V with

A(T)y == ——. (3.15)
Furthermore, the limit is uniform in t on any bounded interval [0, K].

Proof. For a proof we refer to [Paz83], Theorem 8.1. O

We now want to connect the classical shift operator as in Definition 3.1 with the
theory of one-parameter semigroups.

Proposition 3.23 Let V be the space of all bounded, uniformly continuous functions on
R with the norm ||f||, = sup,cg |f(x)|. Furthermore, let D: C'(R) — C(RR) be the
differential operator defined as Df (x) := £ f(x) =: f'(x), where f' denotes the first derivative
of f for f € CY(R). Let S; be the shift operator as in (3.1) with t € Ry. Then (St)io is a
strongly continuous semigroup with infinitesimal operator D and dom(D) = {f € V | f €
CY(R)}. Furthermore, the following holds

Stf = eth
for all analytic functions f.

Proof. Firstly we note, that V equipped with the supremum norm is a Banach space
and begin by proving that (S;)¢>¢ is a strongly continuous semigroup. The definition
of the shift operator in (3.1) yields for all f € V and x € R

Sof (x) = f(x),
Strsf(x) = f(x+t+s) = f((x+s)+1t) = S:Ssf(x),
lim 5, (x) = lim f(x + 1) = f(x)

t—0

where the last equality holds since f is continuous. Furthermore, we have

1St = sup |[f(x+ )]l < o0
Ifl=1fev
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

since f is bounded. Equation (3.14) implies, that the infinitesimal generator is given
by

p SO () et — f(x)
t

t—0 t t—0

= f(x) = Df(x)

for all x € R. Hence, we can conclude that (S;);>¢ is a strongly continuous semigroup
with infinitesimal generator D. We consider for all f € V and x € R

Sof(x) = f(x) _ flx+1)— f(¥)

A = _=
(Ofx) = S ) /)
i.e.,, A(T) is the difference quotient. Together with Theorem 3.22 we obtain
0 k 0 4k
i oA () — T (tA(7)) _ s A"
Stf (x) = lim "1 f(x) gg(gkg ) ggg)k; A (Df(x),

where the limit exists uniformly for all x € R and t € [0,K] with K € R;. If f
is analytic, we have lim. o A¥(7)f(x) = f®)(x) for all k € N and hence, the claim
follows. O

Even though the differential operator D is unbounded, the action of el on analytic
functions is well-defined and yields the shift operator. In fact, this connection is well-
known and even dates back to Lagrange.

Moreover, from Proposition 3.23 the question arises if a more general differential
operator of first order may yield a generalized version of the shift operator. This
question is answered by the following theorem. The idea of its proof can be found
in [DOTV97], Section 1.2.

Theorem 3.24 Let f: [a,b] — R be an analytic function and D: C'(R) — C(R) be the
differential operator defined as Df (x) = < f(x) = f'(x), where ' denotes the first derivative
of f for f € CY(R) and let h € Ry. Furthermore, let g: [a,b] — R be an analytic and
non-vanishing function and v: [a,b] — R be an analytic function. Then the following holds

5P f(x) = F(GT(G(x) + 1), (3.16)

where G(x) == fax ﬁdt. Furthermore, we have

@D+ £ () = £(GV(G(x) + 1))

(3.17)

with H(x) := exp (— N ;E—:;dt).

Proof. We note that in order to improve the readability of this proof, we will directly
consider e8P and e!8(*)P+2(%) jngtead of limr_oe8MAD) and lim,_,qel8(AM+o0(x)

with A(7)f(x) = f(xﬂiw This is in fact possible, since all considered functions are
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

analytic and we can apply the same arguments as in the proof of Proposition 3.23.

We consider + € R} and A: C}(R) — C(R) be a linear operator such that the action
of e!/ is well defined on analytic functions f. Then

el f(x) = f(exe 4)e! (3.18)

holds true since

— 2 f ) tAxe—tAetAxe—tA o xe—tA ei’A

k—times

— f(etAxe_tA)etA.

We now set A := ¢(x)D and use the fact that e"8(")Pe~8()P = [d holds. Therefore,

we can write
eM8(IDy — hg(1)D 3o =hg()Dh(D — . (Jy)ehs(x)D
with
x1(h) = ohg(x)D y o —hg(x)D

and x1(0) = x. Differentiating x; with respect to & yields

d

@Xl(h) = ehg(x)D[g(x)D, x]e_hg(x)D, (3.19)

where [¢(x)D, x] := g(x)Dx — xg(x)D denote the commutator brackets. Computation
of the commutator brackets yields

80D,/ (3) = 8(x) = (xf(x)) ~x8(x) 5 f(2)
~ ~
fx)+xf'(x) f'(x)

= 8(x)f(x) +g(x)xf'(x) — xg(x) f'(x) = g(x) f (x).
Substituting this in (3.19) and applying (3.18) we get

d

gt = e"8IPg(x)e M8 = g(x1(h)). (3.20)

This is a first order non-linear differential equation with the initial condition x1(0) = x.
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The solution is given by

i) =G G(x)+h)  with  G(x) ::/ﬂxg(lt)dt

since

d - —1y/
-GG +h) = (G (G(x) +h) =

1
G'(G1(G(x)+h))

=g(G7H(G(x) +h)).

Equation (3.18) now implies the first part of the claim.
We use the same technique in order to prove the second part of the theorem and

begin by considering
D H()IA)  — Gh(g(x)D+0(x)1d) 1 ~h(g(x) D+o(x)1d) (g (x) D-+o(x)ld)
We define
xa(h) i= H(E8(RID+o(X)1d) yo—h(g(x)D+o(x)id) with x2(0) = x
and

u(h) == "EOPHoId)  ywith 4(0) = 1.

Taking the derivatives with respect to i and application of (3.18) yields

d

ﬁxz(h) = 8D+ () [¢(x) D + v(x)Id, x]e X D+o()Id)

— " §IDF()) g (1) o~ hEID TN — o(x, (1)),

since the commutator of g(x)D + v(x)Id and x is given by

[§(x)D +o(x)1d, x]f(x) = (g(x)D + v(x))xf(x) — x(g(x)D + v(x))f (x)
= g(x)xf'(x) + g(x) f(x) + v(x)xf (x)
— xg(x)f'(x) — xv(x)f(x)
=8(x)f(x).

Thus, the derivative yields the same non-linear differential equation as in (3.20) with

the same initial condition, and, therefore, the same solution.
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Furthermore, we get for the derivative of u with respect to h

d

au(h) = 8D +e() (¢(x)D + v(x)Id)

= h8(0)D+olx g(x)D + el )D”(x)ld)v(x)ld
— eh(g( )D+v(x g(x)D + e )D+v(x)ld)v(x)efh(g(x)DJrv(x)Id)eh(g(x)D+v(x)Id)
(

= COPO D e(x)D + v(xa () )u(h).

If we do not consider u as an operator but only as a function in /, we can simplify its

derivative to

Su(h) = o(xa()u(h) 621)

This is a ordinary first-order linear differential equation with the initial condition
u(0) = 1 and solution

a g(t)
d H(x)
dh H(G1(G(x) + 1))
H(x)

H
TH(G(G(x) + 1))

holds. Now let n € Ny and we consider the action of the operator e"8(*)D+2(x)) on the

monomials and get

u(h)x” — eh(g(x)D+v(x)Id)xn

h(g(x)D+v(x)Id)xe—h(g(x)D-i—v(x)Id)eh(g(x)D+U(x)Id) h(g(x)D+U(x)Id)xe—h(g(x)D+v(x)Id)

=e X...e

. eh(g(x)D+v(x)Id)

_ (eh(g(x)D+v(x)Id)xe—h(g(x)D+v(x)Id))neh(g(x)D—H)( x)Id) _ (Xz(h)) (h)

The same argument as for (3.18), thus, yields

eh(g(x)D+v(x)Id)f(x) — f<X2 (h))u(h)

with X2 and u being the solutions to the differential equations (3.20) and (3.21), respec-
tively. O
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Remark 3.25 If f is a signal of the form (3.12) with phase function G(x) == [ -L.d¢t,

a g(t)
then é is called the instantaneous phase function as this function can be understood
as the change in the phase G. O

We want to use the shift action in (3.16) and (3.17) respectively, to motivate the

definition for our generalized shift operator.

Definition 3.26 (Generalized Shift Operator) Let G: R -+ R and H: R — C be con-
tinuous functions such that for a given interval [2,b] C R the function G is strictly
monotone and the function H is non-vanishing. Furthermore, let # € R\ {0} be a
shift parameter. Then the generalized shift operator Si 1 ,: C([a,b]) — C(R) is de-
fined as

Sernf(x) = 5 ( G_l?é’(ci) ) f (G—l(c(x) T h)) . (3.22)

In particular, we have for H(x) = ¢ for some constant ¢ € R\ {0} and for all x € [a, 1],

Seuf(x) = f (GTHG(x) + 1))

Similarly, for G(x) = x for all x € [a, b],

H(x)
S _=— h).
H,hf(x) H(x —|—h)f(x + )
Remark 3.27 The assumptions on G in Definition 3.26 ensure that G is invertible in the
interval [a,b]. We can consider generalized shift operators for complex-valued func-
tions G: R — C if we assume G to be invertible in [4, b] instead of strictly monotone

and continuous. O

So far we have established how generalized shift operators can be constructed using
operator valued exponential functions of special differential operators. In order to
connect these operators to our generalized exponential sums given in (2.8), we take a
closer look at their eigenfunctions.

Theorem 3.28 Let G: R — Rand H: R — C be continuous functions such that for a given
interval [a,b] C R the function G is strictly monotone and the function H is non-vanishing.
Furthermore, let h € R\ {0} be a shift parameter. Then the generalized shift operator Sg g »
as in Definition 3.26 possesses eigenfunctions of the form

esz(x)H(x)

with corresponding eigenvalue e*" for a € C.
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Proof. Leta € C and x € IR. We employ the definition of the generalized shift operator
Sc,un and obtain

Sen (H(e0) (x) = H(G Y (G(x) + 1) )etC(C (G +1))

The above theorem thus, indeed, proves that the generalized exponential sums are
expansions into eigenfunctions of the generalized shift operators given in Definition
3.26. Therefore, we have all tools at hand in order to recover such generalized expo-
nential sums using the generalized Prony method.

As the iterative application of the linear operator is one of the key elements of this

method, we want to analyze the action of the iterated generalized shift operator S f j,.

Theorem 3.29 Let G: [a,b] — R be continuous and strictly monotone and H: R — C
be continuous, such that H(x) # O for all x € [a,b]. Furthermore, let Sg y ), denote the
corresponding generalized shift operator as in Definition 3.26. Then the following holds for all
f € C(R)

56,1 SGH S = S6,Hm+hf
for all shift parameters hy,hy € R\ {0} satisfying

G(x) +h1,G(x) + hy, G(x) +hy +hy € [G(a),G(b)]  for G(a) < G(b) or
G(x) +h1,G(x) + hy, G(x) +hy + hy € [G(b),G(a)]  for G(b) < G(a).

In particular, we have for k € INg
SEunf = Sc,munf

for

G(x) +kh € [G(a),G(b)]  for G(a) < G(b)  or
G(x) +kh € [G(b),G(a)]  for G(b) < G(a).
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Proof. We use the definition of the generalized shift operator. Then we have

Sc,H (SG,Hm ) f(X) = Sc Hm (H(Gl(lé((:)) T hz))f(Gfl(G(-) +h2))> (x)

H(x) H(G™(G(x) + 1))
H(G™H(G(x) + 1)) H(GH(G(x) + 11 + h2))

)
F(GTHG(x) + I + 1))
(x) -
H(G1(C) + ! (G (G +htha)

= 56, H i+ f (X) = SG,Hn,Sc,Hu f(X).

E

Consequently, we get

S& tnf = Scmjnf-
Il

We list some examples for phase functions G, instantaneous amplitudes H, the eigen-
functions to the corresponding generalized shift operator S¢ f; , as well as the required
samples of a signal f as in Definition 3.12 in Table 3.1.

inst. phase ¢ phase G inst. ampl. H eigenfct. sampling values

1 x 1 err f(x + hk)

x log(x) 1 x Fex)

o (p>1) o 1 F/ P+ k)
—V1-22 arccos(x) 1 etarccos(x) £ (cos (arccos (x) + kh))
V1—x2 arcsin(x) 1 etaresin(x) £ (sin (arcsin (x) + kh))
Cosl(x) sin(x) 1 esin(x) f(arcsin (sin(x) + kh))
- sinl(x) cos(x) 1 e®os(¥)  f(arccos (cos(x) + kh))
1 x x" (reR) x"e* mf(x + kh)

1 x e B e B +ax eﬁh(2x+kh)f<x + kh)

Table 3.1: Examples of generalized shift operators of the form S¢ pj, as in Definition

326 with G(x) = | ax ﬁdt, their corresponding eigenfunctions H(-)e®(") and

the sample values needed for the reconstruction of a generalized exponential
sum as in Definition 3.12.

Remark 3.30 Even though we have established a more general theory around gener-
alized shift operators, in practice only the functions G and H are used. Therefore, it is
also possible to consider special piecewise defined generalized exponential sums. We
can also consider G: [a,b] — R to be a piecewise continuous and piecewise strictly
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

monotone function, i.e.,

Gi(x) x € [a1,a2]

) = Ga(x) x € (ap,as]

Gr(x) x € (ar, ax1],

with a; = a < ay < --- < agy1 = b and Gj(x) continuous and strictly monotone on
(aj, aj+1] forj=1,...,k. O

Theorem 3.31 Let G: [a,b] — R and H: [a,b] — C be continuous functions such that G
is strictly monotone and H is non-vanishing. Furthermore, let f be a generalized exponential
expansion as in (3.12), such that there exists a K € R with |Im(w;)| < K forall j =1,..., M.
Then f can be uniquely reconstructed using the 2M samples f(G~1(G(xo) + hk)) for k =
0,...,2M — 1 with xo € [a,b], h € R such that 0 < |h| < % and

G(xo) + ik € [G(a),G(b)]  for G(a) < G(b)  or
G(xo) + ik € [G(b),G(a)]  for G(a) > G(b)

forallk=0,...,2M — 1.

Proof. Let f be a generalized exponential sum. Then Theorem 3.28 implies that f is,
indeed, a linear combination of eigenfunctions of the generalized shift operator S¢ p ..
Applying Theorem 2.5 yields that f can be reconstructed using the functional values
F(S'é/thf) for a suitable functional F: C(R) — C satisfying F(H(-)e*¢()) # 0 for
all x € C. Theorem 3.29 yields F (S'é,H’h f) = F(Sgunf) for a suitable functional
F: C(R) — C with F(H(-)e*¢()) # 0 for & € C. Choosing Ff := f(xo) for xo € [a, ]]
yields

H(xo)
H(G=Y(G(xo) +kh))

F(Sgmmmf) = F(GH(G(x0) + kh)).

H(xo)
HG TGz 70
aj and ¢; for j = 1,..., M, they can be precomputed and consequently the claim

follows. O

Since the values ,k=0,...,2M — 1 are independent of the parameters

Thus, we can reformulate the algorithm for the generalized Prony method for gen-
eralized shift operators.
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Algorithm 3 Prony’s Method in Terms of Generalized Shift Operators
Input: M € N, h > 0, sampled values f(G'(hf + G(xp))), £ = 0,...,2M — 1 and
G(XO).

1: Form the Hankel matrix Hy = (ax0f (G 1 (h(€ 4+ k) + G(x0))))

_ M-1 . X
f = (apmef (G 1(G(x0)+h(M—|—€))))€:O with a;, = % for ¢ =

0,...,2M —1, and compute Hy; - p = —f for p == (pg)é\i?)l.

2: Define the Prony polynomial P(z) = ZIJCVI o Pkz* with py = 1, find all roots A; = e®/"

and determine the parameters a; := } log (A;) forj=1,..., M.
2M-1,M
3: Solve the Vandermonde-like system Vap - € = fopr with Voppr i= (/\f)k iy’
= ,]:
M 1 2M-1
. .oiG(x0) — (G (G(x0)+Fk)) i
c: (c]e iG (%o >j:1 and fop ( (GG (x0) ThE) >k:0 and compute the coefficients

cj:eacx0 forj = .., M.

Output: ¢; and 4; for] =1,...,Masin (3.12).

3.2.2 Generalized Symmetric Shift Operators

The generalized shift operators S¢ j7, introduced in Section 3.2.1 can be combined in

a symmetric way as in Section 3.1. This motivates the following definitions.

Definition 3.32 (Generalized trigonometric expansions) Let G: R -+ R and H: R —
C be continuous functions such that for a given interval [a,b] C R the function G is
strictly monotone and the function H is non-vanishing. Then we call f an M-sparse
generalized trigonometric expansion or generalized trigonometric sum if it is of the

form

M=

f(x) =Y _¢H(x)cos (a;G(x) + Bj) or Zc] ) sin (a;G(x) + B;)

j=1
with ¢; € C\ {0}, B; € (—m, ) and pairwise different a; € C forj =1,..., M.

Remark 3.33 These generalized trigonometric sums can also be understood as a spe-
cial case of a signal decomposition into so-called intrinsic mode functions, which are
studied using empirical mode decomposition, see [HSL198]. Furthermore, special
types of generalized trigonometric sums, called non-harmonic Fourier sums, given by

M
f(x) =) cjcos 2majx + B;)
j=1
with ¢, a; € Ry and B; € (0,27) and aj # ap for j,k =1,...,M and j # k, are also
analysed in [PPD21]. The authors show that such functions can be reconstructed using

Fourier coefficients and rational approximation. O
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Definition 3.34 (Generalized Symmetric Shift Operator) Let G: R -+ Rand H: R —
C be continuous functions such that for a given interval [a, b] the function G is strictly
monotone and the function H is non-vanishing. Furthermore, let 1 € R\ {0} be a shift
parameter. Then the generalized symmetric shift operator S; ;, ;- C([a,b]) — C(R)
is defined as

Sc,iun-nf(x) = 5 (Seunf(x) + Sc,u-nf(x))

N =

where S¢ p, denotes the generalized shift operator as in Definition 3.26.

Analogously, to Proposition 3.2 we can show that the k-th iteration of a generalized
symmetric shift operator S¢ py —, can be written as a linear combination of generalized
shift operators.

Proposition 3.35 Let f € C(R) and let G: R — Rand H: R — C be continuous functions
such that for a given interval [a,b] the function G is strictly monotone and the function H is
non-vanishing. Moreover, let Sg p j, —y, denote the generalized symmetric shift operator. Then
the following holds,

SG,H1,~SG,Hhy,~hyf = SG,Hhy,~hySGH,~mi f

1
=5 (SG,H,h1+h2,f(h1+h2) + SG,H,hlfhg,f(hlfhz)) f

for hy, hy € R\ {0} satisfying

G(x) +h1,G(x) + hy, G(x) + hy +hy € [G(a),G(b)]  for G(a) < G(b) or
G(x) +h1,G(x) +hy, G(x) +hy + hy € [G(b),G(a)]  for G(b) < G(a).

In particular, we have for k € INg

" 1 L2k 1( k
S6Hh-nf = 51 z;) <£> SG,H,(k—%)h,—(k—ZIZ)hf—F5k/2,Lk/2J2k(Lk/2J> f (323)

for h € R\ {0} satisfying

G(x) +kh € [G(a),G(b)]  for G(a) < G(b) or
G(x) +kh € [G(b),G(a)]  for G(b) < G(a).

Proof. Application of the definition of the generalized symmetric shift operator yields
similarly as in the proof of Proposition 3.2
1
SGIH/hlrfhl SG/Hrh2/7h2f(x) = SG,HIhllihli (SGIHthf(x) + SG/Hlthf(x))

1
= E (SG,H,hl-i-hz,—(hl-i-hz)f(x) + SG,H,hl—hz,—(hl—hz)f(x)> .
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Now let k € IN. Then the k-th iteration is given by
k 1 - 1 & (b ahr ot
Scun—nf = i(SG,H,h +Scu,-n) ) flx)= o Y. ¢ )56 unScH-nf
=0

ko rk
) < £> Sc,in(k—20)f

Zl: (;) (SGHh(k 20) T SG,H,~n(k— 2!/)f+ (Lk’/ch)%/z,Lk/sz]

0
1 [(k=1/2)] k 1 k
= 51 Z <£> Sc,H,(k—20)h,—(k—20)nf T ?5k/2,Lk/2J (Lk/ZJ)f'

O

In analogy to Proposition 3.8 we can conclude the eigenfunction for the generalized

symmetric shift operators Sg ry, — -

Proposition 3.36 Let h € R\ {0} be a shift parameter and G: R — R and H: R — C be
continuous functions such that for a given interval [a,b] C R the function G is strictly mono-
tone, the function H is non-vanishing and Sg i, —n, denotes the generalized symmetric shift
operator as in Definition 3.34. Then Sg g j, —j, possesses the eigenfunctions H(x) cos (aG(x)),
H(x)sin («G(x)) as well as H(x) cosh («G(x)) and H(x) sinh («G(x)) for & € R.

Proof. The claim is a direct implication of Theorem 3.28 and

cos (G(x)a) = % (eic(x)a n efiG(x)tx)

as well as similar equations for sin (G(x)a), cosh («G(x)) sinh («G(x)). We have

1
Scan-nH(x)cos (G(x)a) = > (Se,unH(x)cos (G(x)a) + Sg i, —nH(x) cos (G(x)a))

1 i -
= 5 (S (H(x)e M + H(x)e 1)
+ S, (H(x)eCW* + H(x)e 60

= % (H(x)ei"‘G(x) cos (ah) 4+ H(x)e G cos (txh))

= H(x) cos (G(x)a) cos (ah).

Hence, the claim follows. O

Analogously, to Section 3.1 we can now consider generalized cosine expansion.
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Theorem 3.37 Let G: R — R and H: R — C be continuous functions such that for a
given interval [a, b] the function G is strictly monotone and the function H is non-vanishing
and Sg pp,—n denotes the generalized symmetric shift operator as in Definition 3.34 for h €
R\ {0}. Let M € N and f be a M-sparse generalized cosine expansion, i.c.,

M
f(x) = Z;ch(x) cos (G(x)a; + B;) (3.24)
i

for c; € R\ {0}, B; € (—m,m)\{£5} and «j € R for j = 1,..., M. Furthermore, let
aj € [0, K) forallj=1,..., M and some K > 0. Then the signal f can be reconstructed using
the samples f(G~1(G(x0) + hk)) for k = —2M +1,...,2M + 1 with xo € [a, b] satisfying
cos (a;jG(xo) + B;) #0forj=1,...,Mand 0 < h < % satisfying

G(xo) + hk € [G(a),G(b)]  for G(a) < G(b)  or
G(xo) + hk € [G(b),G(a)]  for G(a) > G(b)

fork=-2M+1,...,2M —1.

Moreover, if xo € [a,b] can be chosen such that G(xo) = 0 is satisfied and B; = 0 for all
j=1,...,M, the samples f(G~1(G(xo) + hk)) for k = 0,...,2M — 1 are sufficient for the
reconstruction of the signal f.

Proof. The proof is done analogously to the proof of Theorem 3.9. Equation (3.23)
yields, that the k-th iteration of the generalized symmetric shift operator S¢ p7;, —, can
be written as a linear combination of the generalized symmetric shifts Sg g s, —ns for
¢ =0,...,k. Therefore, we will use the shifts Sg g y¢—nef (x0) instead of Sé,H,h,—h f(x0).
We define the Prony polynomial

M M
P(z) =] [(z — cos (ajh)) = Y _ piTi(z).
j=1 k=0

We note that due to the fact that the leading coefficient of the k-th Chebyshev polyno-
mial is 251, pPm = 2]\}—,1 holds. First we compute the coefficients p, k =0,...,M —1,
of the Prony polynomial using the given samples. Moreover, Proposition 3.36 implies

S n—nH(x) cos(aG(x) + B) = H(x) cos(aG(x) + B) cos(ah)

for « € R and B € (—r, 7r). Hence, we can conclude
M
SG,H,kh,—khf(XO) = Z C]'H(Xo) COS(OC]'G(X(]) + ,B]) COS((Xjkh)
j=1

for k € Z. Thus, we employ the definition of the Prony polynomial as well as Propo-
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sition 3.35 and get for the signal f in (3.24) and form =0,..., M —1

Yo pr (SG,H,h(k—i—m),—h(k—i—m)f(xO) + SG,H,h(m—k),—h(m—k)f(xo))
k=0

= E Pk (Z ¢jH(xo) cos (a;G(x0) + B;) cos (ajh(k +m))

+ Zc] (x0) cos (ajG(x0) + Bj) cos (acjh(m—k))>

=2 Z Pk Z H(xo)cjcos (2jG(xq) + B;) cos (ajhk) cos (ajmh)

k=0 j=1
M M

=2 " H(xo)cjcos (a;G(xo) + Bj) cos (ajmh) Y py cos (ajhk)
=1 k=0

M
=2 Z; H(xo)cjcos («;G(xq) + B;j) cos (ajmh) P(cos (a;jh)) = 0.
= =0

Thus, we get the Hankel-plus-Toeplitz system

Y. (SG,H,h(m+k),fh(m+k)f(xO) + SG,H,h(mfk),fh(mfk)f(xO))
=0

1
~ SM-T (SG,H,h(m+M),—h(m+M)f(xo) + SG,H,h(m—M),—h(m—M)f(xo))
form=0,..., M—1.

The factorization of the occurring Hankel-plus-Toeplitz matrix is given by

Toep M-1
H, (SG Hi(m+k),—h(m-+k) f (%0) + SG,H,h(m-k),—h(m—k)f(xo)) o

M M-1
=2 (Z H(xo)cjcos («;G(xo) + B;) cos (ajmh) cos (ocﬂch))
j=1 m, k=0

= ZTM . diag(H(xo)cj COs (DCJ'G(XO) + ﬁ])]]\il) . T}\"A,

with the Chebyshev Vandermonde matrix Ty as in Definition 3.5. The diagonal matrix
diag ((H(xo)cj cos (a;jG(xo) + ,B]))]Ail) is invertible if H(xo)c; # O forj=1,..., M and
cos (¢;G(xo) + B;) # 0, which is satisfied by assumption.

If the parameters f; for j = 1,..., M do not appear in the signal f and xq € [a, b] can
be chosen such that G(xg) = 0 is satisfied, we can use the fact that cosine is an even
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function and only consider the system

4z H(xo) 1 (h(m H(xo) 1 (h(m —
3 e (et 7 O+ 0)) 4 i (G 1))
M M
= kEka;c]H (cos(ajh(m +k)) + cos(ajh(m —k)))
0 j

E

=2 Z pH(x0) Y | ¢j (cos(ajhk) cos(hma;)) = 0.
k=0 j=1

Thus, the corresponding Hankel-plus-Toeplitz matrix is of the form

M-1
M = (et FC 000 + iy (G hem =)

M-1

=2 <Z ciH(xo) cos (ajmh) cos (uc]-hk)>

= 2TM . dlag(C]' (x())]':1) . T}\H/I.

m,k=0

Once the coefficients py, k = 0,...,M — 1 of the Prony polynomial have been com-
puted, we can derive its zeros cos (zxjh), and, thus, a; for j = 1,..., M. Now we need
to distinguish between the case f; = 0 forall j = 1,..., M and B; # 0 for at least one
jed{l,...,M}.

1. If the parameters ; do not appear in the signal f given in (3.24) we only need to
solve the linear system for k =0,...,2M —1

M
Xo) + kh))f(G_l(G(xO) +kh)) = ]; CJ'H(xO) cos ("‘j(G(xo) + kh)),

in order to compute the coefficients ¢; for j =1,..., M.
2. If there exists a j € {1,..., M} such that B; # 0, we first solve

(GG lxg) T h)y (G (G o) +Kh)) +

M
=2 ¢;H(xo) cos (;G(x0) + B;) cos (ajhk)
j=1

for k = 0,...,M —1 in order to compute d; = c;H(xo) cos (a;G(xo) + ;) for j =
1,..., M. Moreover, we also solve

H(xo) _ H(xp)
AG TG T (€ (60 + k) = e ey~ /(6 (Glx) — k)
M
=2 21 c¢iH(xo) sin («;G(xo) + B;) sin («jhk)
i=
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for k = 0,...,M —1 in order to compute &; = H(xo)c;sin («jG(xp) + ;) for j =
1,..., M. Finally, we can conclude for the parameters Cj and ﬁj forj=1,...,.M

B+ -
~——— and B; =arg (d]- + id]-> —«;G(xg) mod 27t.

97 TH(x)

Analogously, to Section 3.1 we can also formulate a similar statement for generalized
sine expansions. O

Theorem 3.38 Let G: R — Rand H: R — C be continuous functions such that for a given
interval [a, ] the function G is strictly monotone and the function H is non-vanishing and
SG 1 n,—n denote the generalized symmetric shift operator as in Definition 3.34 for h € R\ {0}.
Let M € IN and f be an M-sparse generalized sine expansion, i.e.,

M=

f(x) =) _ciH(x)sin (G(x)a; + B;) (3.25)

j=1

for ¢; € R\ {0}, Bj € (—m,m)\{£5} and aj € R for j = 1,..., M with M € N.
Furthermore, let a; € [0,K) forall j =1,...,M and some K > 0. Then the signal f can be
reconstructed using the samples f(G~1(G(xo) + hk)) for k = —2M +1,...,2M + 1 with
xo € [a, b] satisfying sin (a;G(xo) + B;) #O0forj=1,...,Mand 0 < h < ¥ satisfying

G(xo) + hk € [G(a),G(b)]  for G(a) < G(b) or
G(xo) + hk € [G(b),G(a)]  for G(a) > G(b)

fork=—2M+1,...,2M —1.

Proof. The proof is done analogously to the one of Theorem 3.37. We define the Prony
polynomial

—-

P(z) =] |(z — cos (a;h) E peTx(z

j=1

with py = ZA}—,I holds. As a first step we compute the coefficients py, k =0,..., M —1
of the Prony polynomial using the given samples. Proposition 3.36 implies

S, n—nH(x)sin(aG(x) + B) = H(x) sin(aG(x) + B) cos(ah)

for « € R and B € (—, 7r). Hence, we can conclude
S6,Hkh,—knf (x0) Zc] (xo0) sin(a;G(x0) + B;) cos(ajkh)

for k € Z. Thus, we employ the definition of the Prony polynomial as well as Propo-
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sition 3.35 and get for the signal f in (3.24) and form =0,..., M —1

M
Pk (SG,H,h(k+m),—h(k+m)f(x0) + SG,H,h(m—k),—h(m—k)f(xo))
k=0
M M
=2 " H(xo)c;sin (a;G(xo) + B) cos (ajmh) Y _ py cos (ajhk)
=1 k=0
M
=2 ) H(xo)c;sin (a;G(x0) + B;) cos (ajmh) P(cos (ajh)) = 0.

j=1 —

We get the Hankel-plus-Toeplitz system

M-1
Y m (SG,H,h(erk),fh(erk)f (xX0) + S, 1 h(m—k),~h(m—k) f (xo)>
k=0

1
=M1 (SG,H,h(m+M),—h(m+M)f(x0) + SG,H,h(m—M),—h(m—M)f(xo))

for m = 0,...,M — 1. The factorization of the occurring Hankel-plus-Toeplitz matrix

is given by

Toep M-1
H, " = (SG,H,h(m+k),—h(m+k)f(x0) + SG,H,h(m—k),—h(m—k)f(xo))

= 2Ty - diag((c;H (xo) sin (a;G(xo) + ﬁj))in1) -TY,.

k,m=0

The diagonal matrix diag(H (xo)c; sin («;G(xo) + ﬁ])]j\il) is invertible if H(xo)c; # 0 for
j=1,...,Mand sin (¢;G(xo) + B;) # 0, which is satisfied by assumption.

Once the coefficients py, k = 0,..., M — 1 of the Prony polynomial have been com-
puted, we can derive its zeros cos (zxjh), and, thus, & forj=1,...,M. Now we need
to distinguish between the case §; = 0 forall j = 1,..., M and B; # 0 for at least one
jed{l,...,M}.

1. If the parameters B; do not appear in the signal f given in (3.24), we only need to

solve the linear system

M
H(G1(G(x0) & kh))f(G_l(G(xo) +kh)) = ;ch(xo) sin (a;(G(xo) +kh))

fork=0,...,2M — 1 in order to compute the coefficients c; forj = 1,..., M.
2. If there exists a j € {1,..., M} such that B; # 0, we first solve

H(xo)
H(G=1(G(xo) 4 kh))

F(GH(G(x0) +kh)) +

=2 % cjsin (a;G(xo) + B;) cos (a;hk)
=1

for k = 0,...,M — 1 in order to compute d; := ¢;sin (a;G(xo) + B;) for j = 1,..., M.
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Moreover, we also solve

H(xp)
H(G1(G(xo) + kh))
M

F(GTH(G(x0) +kh)) —

=2) cjcos(a;G(xo) + B;) sin (a;hk)

j=1

for k = 0,...,M — 1 in order to compute El; = H(xo)cjcos («;jG(xo) + B;) for j =
1,..., M. Finally, we can conclude for the parameters Cj and ,Bj forj=1,...,Mby

C]':

Vi @nd B =arg (d+id)) — Glxo) mod 2.

O

Remark 3.39 (i) Analogously, to Remark 3.10 we can also use Theorem 2.5 for the
recovery of M-sparse trigonometric expansions by considering the Prony poly-
nomial in monomial basis instead of Chebyshev basis.

(ii) Analogously, to Theorem 3.12 we also use generalized symmetric shift operators
SG,Hn,—n as in Definition 3.34 to recover M-sparse expansions into generalized
hyperbolic functions such as

M=

M
f(x) = )_ciH(x)cosh(G(x)a;) and  g(x) = gch(x) sinh(G(x)a;)
=

j=1

with ¢; € C\ {0} and a; € Rforj=1,..., M.

We summarize our results for the reconstruction of sparse generalized cosine ex-

pansion in the following algorithm.
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Algorithm 4 Prony’s Method in Terms of Generalized Symmetric Shift Operators
Inputt M € N, & > 0 and sampled values f(G '(h!+ G(x0))), £ = —2M +

1, .. .,ZM — 1, H(JCQ), G(X())
1: Form the Hankel-plus-Toeplitz matrix

Hy " = (“Héf(G_l(h(é +k) +G(x0))) + ax—ef (G (h(k — £) + G(x0)))

M-1

+a_ () f(GTH =ML+ k) + G(x0))) +a_p f(GTH(~h(k— ) + G(Jfo))))
kAL=0

as well as

£ (ay120/(G ™ (Glra) + B+ £))) + a0 (G (G ) + (¢ — M)

M-1
+a_ ) f(GH(G(x0) = H(M +£))) +a_ g p) f(G(G(x0) — (£ — M)))>£
=0
with ay := %, { =-2M+1,...,2M — 1 and solve Hy; - p = —f for

M—
p=(p)ilo -

2: Define the Prony polynomial P(z) = Y™ piTi(z) with py = 2-M~1), find all
roots A; = cos (a;i) and determine the parameters a; := 7 arccos(A;) for j =
1,..., M.

3: Solve the Vandermonde-like system 2V 1 - d = fo1 with

2M-1,M
Vomm = (cos (oc]-k))k:O,j:1 ,

d == (cjcos (a;G(x0) + ﬁj))j]\il and

2M—-1
fort = (akf(G’l(G(xo) FhK)) + a_ f(GY(G(x0) — hk)))

k=0

4: Solve the Vandermonde-like system ZVZM, M " d= ¥2M with

Vomm = (sin (“jk))ifojjl:q/f ’
d == (cjsin (G (x0) + ,Bj))j]\i1 and
) B » 2M—1
fom = (”kf(G (G(x0) +1k)) —a_if(G(G(x0) — hk))>k:0
A2 +id? 7
Compute the coefficients ¢; = HJ(XO) and g; = arg(d; +id;) — a;G(xo) mod 27 for

j=1,...,M.
Output: ¢, a; and B; forj=1,...,Masin (3.24).
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Remark 3.40 This algorithm can be adapted for the reconstruction of M-sparse gener-
alized sine expansion as in (3.25). Therefore, in the third and fourth step, the vectors
d and d have to be exchanged. O

3.2.3 Reconstruction Using Linear Differential Operators

In the previous section we have seen that every generalized exponential sum can be
reconstructed using a corresponding generalized shift operator. However, the clas-
sical exponential sum e*™ is also an eigenfunction of the ordinary linear differential
operator %, ie.,

d

dxe = pe¥ a € C.

We want to use this as a starting point to derive suitable linear differential operators
such that the generalized exponentials as in Definition 3.12 are, indeed, eigenfunctions
of these operators, since it is often simpler to find linear differential operators than to
the generalized shift operators. Theorem 3.24 already gives rise to a possible linear
differential operator and motivates the following definition.

Definition 3.41 Let D: C!(R) — C(R) be the differential operator defined as Df :=
% f. Furthermore, let ¢,v: [a,b] — R be smooth functions and g be non-vanishing.
Then we define the linear differential operator A: C*(R) — C*(R) by

Af(x) = g(x)(Df)(x) +0(x)f(x) (326)
for all f € C*(R).

Theorem 3.42 Let g,v: [a,b] — R be smooth functions and g be non-vanishing. Then the
linear differential operator A: C*(R) — C*®(IR) given by (3.26) possesses eigenfunctions of
the form

e"C(IH(x)

with the eigenvalues « € C, where G, H: [a,b] — R are smooth functions given by G(x) =

N ﬁdt and H(x) = exp <— N %dt), respectively.
Proof. Let G, H: [a,b] — R be defined as in Theorem 3.42, i.e.,, G(x) := [~ ﬁdt and

H(x) :==exp ( I ;f ) Then their derivatives are given by

a

(3.27)
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3.2 Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

We employ the definition of the linear differential operator A and (3.27) and get

A (eG(")"‘H(x)) = ¢(x) (eG(")”‘H(x)>/ +0(x)eCEH (x)
= ¢(x) <eG(x)"‘H'(x) + eG(x)”‘H(x)G'(x)(x> +0(x)eCEH (x)
= —eCWrH(x)o(x) + M H (x) + W H(x)v(x)
= weC@WUH (x).

O]

The above theorem tells us that we have found a suitable linear differential operator
such that the generalized exponential sums are expansions into eigenfunctions of said
operator. Therefore, we can use the generalized Prony method to reconstruct these

sums.

Theorem 3.43 Let G,H € C%([a,b]), such that G' and H are non-vanishing on [a,b] C R
and let xo € [a,b] be fixed. Then the generalized exponential sum as in (3.12) can be viewed
as a sparse expansion into eigenfunctions of the differential operator A in Definition 3.41,
and f as in (3.12) can be uniquely reconstructed from the derivative samples f*)(xo) for
k=0,...,2M - 1.

Proof. Let f be a generalized exponential sum as in (3.12). Then Theorem 3.42 implies
that f can be viewed as a sparse expansion into eigenfunctions of the linear differential
operator A. Therefore, we can apply Theorem 2.5 for a suitable linear functional
F: C®°(R) — C®(R) satisfying F (H(x)e"‘c(")) # 0 for all « € C. We choose F to be
the point evaluation functional at xo with xo € [a,b], i.e., F(f) := f(x0), and have to
consider the samples F(Af) fork =0,..., M.

Thus, in order to reconstruct the parameters Q; for j = 1,..., M, we first have to
compute the required values F(A¥f) = (A¥f)(x) fork =0,...,2M — 1.

For this purpose, we need to determine the lower triangular matrix

2M-1
L= (Amlk)m,kzo c ]R2M><2M

such that

-1 2M-1

(ras),Sy = (Ahsto)

k=0

L. (f(k)(xo))

k=0

By definition of A we get Agp := 1, A1p := g(x0) and A7 = h(xp). Generally we
have to consider the elements A, ; as functions in x in order to obtain the entries of L,
starting with Agg = 1. We use induction to show

k
AP0 = 3 N ().
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The base step is a direct consequence of equation (3.26). The induction step is given
by

e (Er

k

k
=5() 5 (M0 + A" @)) +003) 3 A5 )

k

= 2 (8 (@) + 0 () £ 3) + A () 0,

We can conclude the recursion

gL, (%) +0(x) A (%), m=0
Akr1m(x) = 8(x) (M{,m(x) + )\k,m_1(X))> +0(X)Am(x) m=1,...,k
g<x))‘k,m(x) m=k+1,

and the induction claim follows. The matrix entries A, x := A, x(xo) are well-defined
by assumption on H and G. Hence, application of Theorem 2.5 yields that the signal
f can be uniquely reconstructed using the values

F(Akf> Z )\km xO xO)

and, thus, the claim follows. O

Remark 3.44 One major difference between the reconstruction using linear differen-
tial operators and the reconstruction using generalized shift operators is the set of
assumptions on G and H. In Section 3.2.1 it was sufficient to assume that G and H are

continuous. In Section 3.2.3 we need to assume that G and H are smooth. O

The connection between the linear differential operator A as in Definition 3.41 and
the generalized shift operator given in Theorem 3.24 is given by the theory of one-
parameter semigroups and operator valued exponential functions, as elaborated in
Section 3.2.1.

Furthermore, this theory also fits into the framework of the generalized operator
based Prony method, see [Stal8,SP20] and can be interpreted as a changing of opera-
tors, see [SP20], Theorem 3.4.

Theorem 3.45 Let A: V — V be a linear operator, and let o(A) # 0 be a subset of the point
spectrum op(A) with pairwise different eigenvalues and with corresponding eigenfunctions v,
such that the map « — v, is injective for « € o(A). Let ¢: 0(A) — C be an analytic,
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injective function. Then ¢(A) is a well-defined linear operator on
M
anjvaj tM < oo, ¢ €C \ {0} and a; € o(A) pairwise distinct ;.
j=1

M(A) = {

Furthermore, if v, is an eigenfunction of A corresponding to the eigenvalue w, then v, is also
an eigenfunction of @(A) corresponding to the eigenvalue @(w).

3.3 Applications to Special Expansions

In this section we want to give some examples of special expansions, which can be re-
constructed using generalized shift operators such as sparse expansions into Gaussian

chirps and other non-stationary signals.

Definition 3.46 (Gaussian Chirp) Let € C\ {0} and M € IN. We call f an M-sparse
expansion into Gaussian chirps if f is of the form

M
fx) =Y cjePlaw)’ (3.28)
j=1

for Cj S C\{O} and o e C.

In order to reconstruct sparse expansions of the above form, we need to find a suit-
able generalized shift operator or linear differential operator such that the Gaussian
chirps are eigenfunctions of said operator. First we observe that

ef,B(xfuc)2 _ e*‘B(XZ*ZXOkHXZ) _ efﬂazefﬂxZ 2P

implies that a Gaussian chirp, indeed, is a generalized exponential function, i.e., of the
form H(x)eC™)* with

H(x) :=e P* P  and G(x) == 2pBx. (3.29)

This is in fact a special case. In general it is not possible to choose the functions H or
G depending on the parameter «, since the parameter is unknown. But since in this
case

_B(a2—x2
H(x) e B( ) _ o h(x+h/(4))

H(GYG(x) +h)) e B—((2Bx+h)/(2p))?)

holds, the factor e~ cancels out and the operator S¢ p j, is defined independently of
Q.

Therefore, the Gaussian chirps fit in the theoretical framework we have derived in
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

this chapter.

Theorem 3.47 Let f be an M-sparse expansions into Gaussian chirps as in Definition 3.46
and xo € R. Then f can be uniquely reconstructed using the sample values f*)(xo) for
k=0,...2M —1.

Proof. Since the signal f is a generalized exponential sum with G and H given in
(3.29), Theorem 3.43 implies that f is a sparse expansion into eigenfunctions of the
differential operator A := G,%x)D — G,l(x) Ié,((;)) Id = ﬁD + xId, where D denotes the
differential operator with Df(x) := f’(x). Here, it is also important that the terms

containing the parameter a cancel out due to

/ —B(a2—x?)
H(x):e 2 %ﬁx:ﬂ%x.
H(X) e*ﬁ("‘ —x?)

Thus, the operator A itself is independent of the parameter a.

Furthermore, Theorem 3.43 implies that f can be uniquely reconstructed using the
values f (k)(xo) for k = 0,...,2M — 1. Moreover, we can choose any xp € R since
G'(x0) = 2B # 0 and H(xp) # 0 for all xo € R, which means that the interval [, ] in
Theorem 3.43 can be chosen arbitrarily. O

Theorem 3.48 Let f be an M-sparse expansion into Gaussian chirps as in Definition 3.46
with known scale parameter B € R\ {0} and xo € R. Furthermore, let the frequencies o;
of f be such that |Im(a;)| < K for some K € R and h € R satisfying 0 < |h| < Z.
Then f can be uniquely reconstructed using the 2M equidistant sample values f(xo + %) for
k=0,...,2M - 1.

Proof. As we have established above the signal f is a generalized exponential sum
with G and H given in (3.29). Then we can apply Theorem 3.31 and can reconstruct
f using the equidistant values f(G~'(G(xo) + hk)) = f <hk2775ﬁx°> =f (xo + %) for
k=0,...,2M — 1. We note that we can choose any arbitrary intervall [a,b] C R. This
implies that we can choose it such that

G(b) ~Gla) _ 2pl(b-a) _ 7
2M 2M K

holds, and, therefore, no further condition on the choice of % is needed. O

Remark 3.49 1. We note that the reconstruction of sparse expansions into Gaussian
chirps in Theorem 3.48 can also be extended to p € C \ {0}. This is done by using
the substitution a; = ;2 such that f in (3.28) can be rewritten as
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Therefore, we can choose G(x) := x and H(x) := e P and get the corresponding
generalized shift operator Sg ) with Sy, f(x) = ef@ M f(x 4+ 1), see also
[PSK19], Section 4.1.

. In particular, the model in (3.28) also includes expansions into modulated shifted
Gaussians

M
f(x) _ cheZNis/xe—ﬁ(x—(xj)z
j=1
with s; € (0,1), ¢; € R\ {0} and a; € R for j = 1,..., M, which we have
considered in [PSK19]. Since

o (v )2 B2 B2 :
ezmsxe B(x—a) —e B e Bx e x(2Ba+27tis)

holds, we can choose &; = 2Ba; + 27is; for j = 1,..., M such that f can be
rewritten as

_ B2 2 ~
cie Paj p—Pxt gt
JFIST~N
::Cj

flx) =

Mz

Il
—_

Then the reconstruction of the parameters '07]- for j = 1,..., M is sufficient to
find the parameters o and S from the real and the imaginary part of Ej for
j=1,..., M, respectively.

O

Example 3.50 We illustrate the recovery of expansions into Gaussian chirps and con-
sider f of the form 3.28 with M = 10 and B = i. The original parameters in Table
3.2 have been drawn uniformly from the intervals (—3,3) +i(—2,2) for ¢; and from
(—2,2) for a;.

param. j=1 j=2 j=3 j=4 j=5 j=6 ji=7 j=38 j=9 j=10

2357 1.212 0334 —-1.893 —1.728 —2.536 2.483 1.240 0.347 -1.119
—1.335 0.490 1952 -1.318 —-0969 —0413 —-1.704 0.736 —0.390 1.931
—0.391 0483 —-1356 —0.475 —1.355 1.032 1.484 —0.597 0.742 —0.823

Table 3.2: Parameters ¢; and &; for an expansion into Gaussian chirps as in (3.28) with

M = 10, see Figure 3.1.

Since B is complex, we apply the substitution as in Remark 3.49. Moreover, the

starting point is given by xop = —1 and the shift parameter by h = 1.
The reconstruction is done using Algorithm 3 and used 20 equidistant samples f(k),
for k = —1,...,18, which are represented as black dots in Figure 3.1. The obtained
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real part
15 T
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Figure 3.1: Real and imaginary part of the sparse expansion into Gaussian chirps f
as given in Example 3.50 in blue. The black dots indicate the used signal
values. The reconstructed signal was obtained by Algorithm 3 and is shown
in red. It cannot be distinguished visually from the original signal f.

maximal reconstruction error for the parameters «; and the parameters c; are

max | — & =5.36-10""2, max |c;—¢;| =799 1071
j=1,...,10 j=1,...,10

where ¢; and @, j = 1,...,10, denote the parameters computed by Algorithm 3.

Corollary 3.51 Let f be a non-stationary signal with quadratic phase given by

M
f(x) =Y cjcos (x* + ajx +s;) (3.30)

j=1
with M € N, ¢; € R\ {0}, a; € (=K, K) forsome K € Rands; € [-F, 5] forj=1,..., M.
Furthermore, let h € R\ {0} and xo € R. Then f in (3.30) can be reconstructed using the

2M sample values f(xo+ hk), k = 0,...,2M — 1 and the 2M sample values f(xo + hk),
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where fz's given by
_ M
f(x) =Y c¢jsin (2 + ajx +5;). (3.31)
j=1

Proof. Using the substitutions c;; = c;cos(s;), ¢j = cjsin(s;), bj == (W%), and
)
dj = Dbje " /%, the signal given in (3.30) can be rewritten as

M=

flx) =

(cjcos(s;)) cos(x? + a;x) + (cjsin(s;)) sin(x* + a;x)

-
Il
—

[
M=

¢j1cos(x® + ajx) — cjp sin(x® + a;x)

-
Il
—_

M : .
116 i i1 —ic; .
= E (M) el(¥+ax) 4 <u) e il +ax)

= 2 2
_ ﬁ bjei((x+ocj/2)2—o¢]2/4) + E]_e—i((x+ocj/2)2—zx]2/4)
=1
M -
— 2Re ( Z bje—lucj /4ei(x+06]‘/2)2>
j=1

M
— 2Re (Zdjei(erDtj/Z)Z) ‘
j=1

Analogously, we observe that

M M

" _ T
flx) = 21 ¢jsin(x® + ajx +sj) = 21 cjcos (x2 +ajx +s; — E)
= =
M ,
— 2Im Z djel(x+oc]'/2)
j=1

with d; = bje_i“i2 /4 The model is, therefore, closely related to the model in (3.28).
Hence, we can define the function g(x) := f(x) +if(x), which is an expansion into
Gaussian chirps. Consequently, we can apply Theorem 3.48 in order to recover the
parameters d; and «; for j = 1,...,2M using the 2M samples g(xo + hk) for k =
0,...,2M — 1. As a last step we compute the parameters ¢; and s; for j = 1,...,. M

using

b]‘ = d]‘emfz/4, Cj,l =2Re (bj), le2 =2Im (b])
\cj] = 2]bj], sj = arg (bj) and sgn (Cj) = sgn (Cj,l)-
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Example 3.52 We will illustrate the recovery of expansion f of the form (3.30) with
M = 8. The original parameters are given in Table 3.3. The parameters have been
drawn uniformly from the intervals (—1,5) for the coefficients c;, from (-, 77) for «;
and from (—7%,7) for s for j = 1,..., M. We apply Corollary 3.51 with starting point
xp = 0 and shift parameter 1 = 5. Hence, we have used the signal values f(55k) and
fv(%k) fork =0,...,15 with f as in (3.31). The signal and its reconstruction are shown

in Figure 3.2.

parameter j=1 j=2 j=3 j=4 j=5 j=6 j=7 j=8

Cj —0.2998 —0.285 4.639 2.873 1.877 2.836 2.268 2.883
a; 0.276 1.389 0.141 3.102 —-1.768 —2477 —2.452 —2.742
Sj —-0.2997 —-0.162 —-0.422 0.828 0.402 0.854 1.360 1.485

Table 3.3: Parameters cj, s; and & for j = 1,..., M for an expansion f as in (3.30) with
M =8.

Figure 3.2: Original signal f of the form (3.30) with the parameters given in Table 3.3
in blue. The red dots indicate the used signal values of f and the black dots
indicate the used signal values of f The reconstructed signal was obtained
by application of Corollary 3.51 and Algorithm 3 and is shown in red. It
cannot be distinguished visually from the original signal f.
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The obtained maximal reconstruction errors for the parameters a;, ¢; and s; for

j=1,...,8are
max_|aj — & =1.7-107°,
j=1,...8
max |c; —¢j| =9.8- 107> and
j=1,...8
max ]sj —5j|=14- 1074,
i=1,.8
where ,5j’ ij and §] forj =1,...,8 denote the recovered parameters. O

Corollary 3.53 Let p € IN odd and M € IN. Let the signal f be given by

M
f(x) =) _cjcos (ajx” + B;) (3.32)
j=1
withc; € R\ {0}, a; € R, B; € (—m, m)\{£75} forj=1,..., M. Moreover, let «; € [0,K)
for some K € Ry forall j = 1,...,M. Then f can be uniquely reconstructed using the
samples f (sgn(xo + hk){/|x0 + kh|> fork=-2M+1,...,2M + 1 with xo > 0 satisfying
cos (ajxg) # 0forj=1,...,Mand 0 < h < %. If we choose xo = 0, the functional values
f (\p/ hk) fork =0,...,2M — 1 are sufficient for the reconstruction.

Proof. We consider the intervall [0, 00) and set G(x) := x”. Choosing the starting point
as {/xg, applying Theorem 3.37 and using the fact that cosine is an even function

proves the claim. O

Example 3.54 We illustrate the recovery method of a signal f of the form (3.32) with
a small numerical example. Our signal f is of the form (3.32) with M = 2, p = 3
and the parameters Tj, ¢; and a; given in Table 3.4. The parameters have been drawn
uniformly from the intervals (0,5) for the coefficients c;, from (0, 7r) for a; and from
(—m, ) for Bj for j = 1,2. We apply Corollary 3.53 with starting point xp = 0 and
shift parameter # = 1. Hence, we have used the signal values f(+v/k) fork =0,...,3.

The signal and its reconstruction are shown in Figure 3.3.

parameter j=1 j=2
¢j 4.64157  2.90045
& 2.41598 1.82667
B —3.03488 —2.38221

Table 3.4: Parameters c;, «; and B; for j = 1,2 for a expansion f as in (3.32) with M = 2.

The obtained maximal reconstruction error for the parameters «;, ¢; and p; for j =
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1,2 are

max |aj — &;| =2.7-107",
=12

]
. — Bi| =1.8-10715,
max|Bj — Bjl

ax|cj —¢;| =1.9- 10~ and
—12

where ¢j, B]- and a; for j = 1,2 denote the recovered parameters.

Figure 3.3: Original signal f of the form (3.32) with the parameters given in Table 3.4 in
blue. The black dots indicate the used signal values of f. The reconstructed
signal was obtained by application of Corollary 3.53 and Algorithm 4 and
is shown in red. It cannot be distinguished visually from the original signal

f.

O

At last we want to consider an expansion into special orthogonal polynomials,
namely Chebyshev polynomials. These expansions have also been studied in [PT14b,
PP13] and in our paper [PSK19] and we will also study these expansion in Chapter 4.

The approach can also be transferred to Chebyshev polynomials of second, third
and fourth kind, see [PT14b]. However, in [PT14b] the connection to shift operators

with Chebyshev polynomials as eigenfunctions has not been explicitly used.
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3.3 Applications to Special Expansions

Definition 3.55 The following expansion
M
fx) =Y cn, T (%) (3.33)
j=1

with ¢,, € C \ {0}, nj € Ny, for j = 1,...,M and T, being the nj-th Chebyshev
polynomials of first kind as in Definition 3.3 is called an M-sparse expansion into
Chebyshev polynomials of first kind. We assume the nj to be ordered, ie., 0 < 1y <
Ny < -+ < HNp.

We consider the interval [—1,1]. Lemma 3.4 (iv) yields that for x € [—1,1], a sparse
expansion into Chebyshev polynomials f can be written as

M
f(x) =) cn, cos (njarccos(x)).
j=1
Thus, f is of the form (3.24) with H = 1 and G(x) := arccos(x). Consequently, we can
conclude the following corollary for the reconstruction of f.

Corollary 3.56 Let M € IN and f be an M-sparse expansion into Chebyshev polynomials of
first kind. Let K be an upper bound of the degree of f. Furthermore, let 0 < h < %Z. Then f
can be uniquely reconstructed using the 2M samples f(cos(hk)) fork =0,...,2M — 1.

Proof. This is a direct implication of Theorem 3.37 using the starting point xo = 1.
Therefore, the required samples simplify to f(cos (arccos(1) +kh) = f(cos (kh)) for
k= -2M+1,...,2M + 1. Using the fact that cosine is an even function the claim
follows.

O]

Definition 3.57 (Chebyshev Polynomials of Second Kind) Let n € Ny and x € R.
Then the Chebyshev polynomial of second kind of degree n + 1 is defined by

n k+ 1 7T n+1
Uy =2"T] (x — cos <(n—i—;>> =) Ayt
k=0 =0

with UO(X) =1.

We summarize some of the most common properties of the Chebyshev polynomials
of second kind in the following lemma.
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3 The Reconstruction of Generalized Exponential Sums and Generalized Trigonometric Sums

Lemma 3.58 Let n € INg and x € R.
(i) U, is a polynomial of degree n.

(ii) The leading coefficient of the Chebyshev polynomial U, is given by

2n=1 0 ifn > 1,
Appn = )
1, ifn=0.

(iii) The n zeros of U, are given by
lr
t?’l,[ = COS <n_{_1> fOT"E = 1,. R (%

(iv) For x € [—1,1] the Chebyshev polynomial U, can be written as

_sin((n + 1) arccos(x))
un(x) = sjn(arCCOS(x))

(v) The Chebyshev polynomials satisfy the recurrence relation
Uyi1(x) = 2xUy,(x) — Uy—1(x)

with Up(x) = 1 and Uy (x) = x.

(vi) The Chebyshev polynomials of second kind U, can be expressed in terms of the derivative
of the Chebyshev polynomials of first kind T, i.e.,
Lo
Un(x) = anH(x)-
Proof. The claims (i), (ii) and (iii) follow directly from Definition 3.57. Proofs of (iv),(v)
and (vi) can be found in [PPST19], Section 6.1. O]

Corollary 3.59 Let M € N and f be an M-sparse expansion into Chebyshev polynomials of
second kind, i.e.,

M
f(x) =Y cn Uy (x) (3.34)
j=1

with e, € C \ {0} and nj € No for j = 1,..., M. We assume the n; to be ordered, i.e.,
0 <mny <mny--- < npy. Moreover, let K be an upper bound of the degree of f, i.e., nyy < K.
Then f can be uniquely reconstructed using the samples f(cos(arccos(xp) + kh)) for k =
—2M+1,...,2M +1withxg € (—1,1) and 0 < h < % satisfying arccos(xg) + kh € (0, 7r)
fork=-2M+1,...,2M+1.
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3.3 Applications to Special Expansions

Proof. Lemma 3.58 (iv) implies that f can be written as

M

f(x) =Y o H(x)sin ((n; +1)G(x))

=1

with H(x) =

(=1,1) and G is monotone on (—

71 and G(x) := arccos(x). Both functions are non-vanishing on
sin(arccos(x)
1,

1). Therefore, we can apply Theorem 3.38 in order
to recover f. O

Remark 3.60 The connection between Chebyshev polynomials of first kind T,, and
Chebyshev polynomials of second kind given in Lemma 3.58 (vi) can also be seen in
the operators used for the reconstruction. Let G(x) = arccos(x), H=1and Sg y ), 1
denote the generalized symmetric shift operator as in Definition 3.34. We consider the
action of this operator on a function f and its derivative

;XSG,H,;[,_hf(x) :% <£Cf(cos(arccos(x) +h))+ C?xf(cos(arccos(x) - h))>

:% < f'(cos(arccos(x) + h)) Sirsli(r?;iss(gzgx—i)—)h)

sin(arccos(x) — h)
X)) > '

sin(arccos(

+ f'(cos(arccos(x) — h))

Viewing this as the action of an operator on f’, we see that this yields, indeed, the

same generalized symmetric shift operator S¢ f7, —j, as in the Corollary above. O
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4 Reconstruction of Expansions into
Orthogonal Polynomials

In Section 3.3 we introduced operators for the reconstructions of M-sparse expansions
into Chebyshev polynomials of first or second kind using only 2M functional values.

In recent years, there has been a number of research papers dedicated to the re-
covery of sparse expansions into special orthogonal polynomials such as generalized
Chebyshev polynomials. In [IKY18], a substitution was used in order to reduce the
sparse expansion into orthogonal polynomials into a sparse Laurent polynomial in
power (standard) basis. Sparse expansions into Legendre or Chebyshev polynomials
are analysed in [PT14b,PT16]. Furthermore, reconstruction methods for sparse expan-
sions into non-standard basis such as the Pochammer basis were given in [LS95].

This chapter focuses on the recovery of expansions into orthogonal polynomials
and the general structure behind it. A Prony based reconstruction can be applied by
using differential operators such as the Sturm-Liouville Operator and the generalized
Prony method, see [PP13]. One major drawback is that the required samples are
derivative values, which are not easily accessible. Only in some cases we can use shift
operators, functional values and the generalized Prony method to recover expansions
into orthogonal polynomials such as Chebyshev polynomials of first and second kind,
see Chapter 3.

A further method based on inner products and dual operators as well as the gener-
alized Prony method was introduced in [Stal8].

In this chapter we will introduce a new reconstruction method which is based on
generating functions of the orthogonal polynomials. This new algorithm is presented
in Section 4.1.

In Section 4.2 we expand the reconstruction approach based on linear differential
operators and compare both methods.

Moreover, we will introduce a new application of the generalized Prony method for
g-hypergeometric polynomials in Section 4.3.

In the last section of this chapter, Section 4.4, we will illustrate our newly developed

algorithm using numerical examples.
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4 Reconstruction of Expansions into Orthogonal Polynomials

4.1 Reconstruction Method Using Generating Functions

This section is devoted to the development of a new reconstruction method for sparse
expansions into orthogonal polynomials based on their generating function. Thus, we

will begin by introducing the definitions needed.

Definition 4.1 (Orthogonal Polynomials) Let L2([a, b], w) be the space of square inte-
grable functions on the interval [4,b] C R with a weighted inner product

U.0) = [ f)zhetdx forall fg € 1([a ) @

with an integrable weight function w : [4,b] — R. Then the sequence {Qy | k € Ny}
of polynomials is called orthogonal if

deg(Qx) =k and (Q;, Qx) =0 forj # k.

In the following we denote the inner product corresponding to the set {Qy |k € Ny}

of orthogonal polynomials with (-, ) and
(Qi,Qj)g = djdi (4.2)
with constants d; € R for i,j € Np.

We will introduce a class of orthogonal polynomials, namely the Jacobi polynomials,
and summarize some of their common properties. Many well studied and important
orthogonal polynomials are special cases of Jacobi polynomials, such as Chebyshev
polynomials, see Definition 3.3 and Definition 3.57, and Legendre polynomials.

Definition 4.2 (Jacobi Polynomials) Let n € Ng and «, 8 > —1, x € [—1,1]. Then the
Jacobi polynomial of degree n is defined as

PP (x) Tla+n+1) ¢ <n>r(a+ﬁ+n+m+1) <x_1>m

:n!F(tx+ﬁ+n+1)mZ::0 m)  T(a+m+1) 2
where I'(x) := [;” t*“'e~!dt for Re(x) > 0 denotes the Gamma function.
Lemma 4.3 Let n € N and x € [—1,1]. Then the following holds.

(i) P,E'X’ﬁ Visa polynomial of degree n.

(ii) The Jacobi polynomials satisfy the Rodrigues’ formula

(a,B) - (_1)11 —u g d"
Py (x) = . (1—x)"%(14x) ﬁdx”

((1 _ x)vc+n(1 + x),3+n) )
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4.1 Reconstruction Method Using Generating Functions

(iii) The Jacobi polynomials are orthogonal on the interval [—1,1] with the weight function
w(x) = (1 -x)%14x)P ie.,

2P T(j+a+DI(+B+1)
T 2jta+pB+1 T(jta+prl) K
(4.3)

1
/ 1 PP (0 PP () (1 — )% (1 + x)Pdlx

for j # 0 and

2B T(j+a+ 1T+ B+ 1)5'
(a+B+2) 7! J

1
/ PP () (1 - 0t (14 0)Pdx = ¢

forj=0.

(iv) The Jacobi polynomials P,(x, B) satisfy the following linear homogeneous differential
equation of second order

1=y +[B—a—(a+B+2)x]y +n(n+a+p+1)y=0.

Proof. The proof of (ii) as well as (iii) can be found in [Sze75], Section 4.3. The claim
(i) is a consequence of (ii). The proof of (iv) can be found in [Sze75], Section 4.2. as the
proof of Theorem 4.2.1. O

The Chebyshev polynomials of first kind are a special case of the Jacobi polynomials
fora =p = —13,1ie, P,§70'5’70'5)(x) = T,(x). Moreover we have U,(x) = ,(10'5’0'5)(x)
and P,(x) = P,(lo’o)(x), where U, denote the Chebyshev polynomials of second kind
and P, the Legendre polynomials, see [Sze75], Section 4.1.

Definition 4.4 (Generating Function) A functiong: 1 x b, - Rwith; C Rand I, C
C is called a generating function for the orthogonal polynomials Qk, k = 0,1,2..., if

it is of the following form
glx,t) =Y weQr(x)tF  withx € I,t € I, (4.4)
k=0
where wy € R and wy > 0. Here, we use the convention 0° = 1. The generating

function is called ordinary if w; = 1 for k € Ny and exponential if w; = % for k € INp.

Remark 4.5 The above definition is a formal one. In order to see if the above series in
(4.4) is, indeed, well-defined, we need to check its convergence. This has to be done
with respect to the particular set {Qy | k € INp} of orthogonal polynomials and the
weight coefficients wy, k € INy which are used. O
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4 Reconstruction of Expansions into Orthogonal Polynomials

Theorem 4.6 Let P,S""ﬁ ) be the Jacobi polynomials. Then the ordinary generating function of
the Jacobi polynomials is given by

Y PP () = 28RN (1 — £+ R) (1 +t+R) P,

n=0
with R = R(x,t) = /1 —2xt 4+ t2.
Proof. The proof can be found in [Sze75], Section 4.4. O

Since the Chebyshev polynomials are special cases of the Jacobi polynomials, the
above theorem yields the ordinary generating function for the Chebyshev polynomials.
Indeed, for this special case a different and simple proof is possible.

Theorem 4.7 Let {T, | n € INo} denote the set of Chebyshev polynomials of first kind and
let {U, | n € No} be the set of Chebyshev polynomials of second kind. Then the ordinary

generating functions are given by

ad 1— xt

Y (o)t = ————
= 1—2xt+ 12
for x € [=1,1] and |t| <1 and
1
Z U = Ty

for x € [—1,1] and |t| < 1, respectively.

Proof. We use the recurrence relation for the Chebyshev polynomials given in Lemma

3.4 (v) and consider

agk:

T (x)"T2 = £2x 2 Ty ()" — £ Z T (

n=0 n=0
= Y T,(x)t" —1—xt =2xt Z T (x)t" —2xt — 2 Y T, (x)t"
n=0 n=0 n=0
= Y "T(x)(1—2xt+ ) =1— xt
n=0
> 1—xt
— VY T, ()= ——"
,EO C e e

Lemma 3.4 (iv) yields, that |T,(x)| < 1 for x € [—1,1] as well as |T,t"| < |t|". For
|t| < 1, the series

§:|Th tn‘< Z:|ﬂn__ "
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4.1 Reconstruction Method Using Generating Functions

converges and consequently, the Weierstrass M-test yields absolute and uniform con-
vergence for all x € [—1,1] and |t| < 1. Using the recurrence relation for the Cheby-
shev polynomials of second kind given in Lemma 3.58 (v) yields the generating func-
tion for U,,. O

We list some of the most common polynomials with their corresponding generat-
ing functions g(x,t) and the needed weight coefficients wy in Table 4.1. The proof
for the exponential generating function of the Chebyshev polynomials can be found
in [Cesl2]. For the other generating functions we refer to [AS64], pages 783-784.
There exist different methods of obtaining generating function such as the Weisner
method, which is based on partial differential equations and group transformation, or
the Truesduell method based on differential-difference equations. A comprehensive

overview on these methods can be found in [McB71].

name weight-coeff. w, generating function
Chebyshev 1. kind T, 1 1712;% (|t < 1)
Chebyshev 1. kind T, Ln>1) log (Jﬁ) (It < 1)
Chebyshev 1. kind T, i e’ cos (tv/1 —x2) (t € C)
Chebyshev 2. kind U, 1 e (< 1)
Chebyshev 2. kind U, 1 et (cos(tm) + s sin (tm)) (te Q)
Legendre P, 1 m (|t < 1)
Legendre P, 1 e“Jo(tv/1—x2) (t € R)
Laguerre Ly 1 Le /0D (|t < 1)
1

Hermite H, et (t € )

Table 4.1: Orthogonal polynomials with their corresponding generating function
g(x,t) and the corresponding weight coefficients w,, n € IN.

Definition 4.8 Let M € IN. Then we call a signal f of the form
M
f(x> = chan](X) 4.5)
j=1

M-sparse expansion into orthogonal polynomials Q,; with coefficients c,, € C\ {0}
and n; are the indices of the “active” orthogonal polynomials for j = 1,..., M. We
always assume that the sum representing f has minimal length, i.e., that n; # n; for
i # j and the n; to be ordered, ie., 0 <ny <np < --- < ny.

Theorem 4.9 Let {Q; | k € No} with Qx € L?([a,b], w) be a set of orthogonal polynomials
with corresponding inner product (-,-)q as in Definition 4.1 and generating function g as in
(4.4). Let f be an M-sparse expansion into orthogonal polynomials as in (4.5) for M € IN.

69



4 Reconstruction of Expansions into Orthogonal Polynomials

Furthermore, we suppose that there exists a t € C \ {0} such that g is well-defined, i.e.,
uniformly convergent, for all x € [a,b] and t* for k € IN. Moreover, we assume that t"i # t"
holds for i # j, where n;j denote the indices of the “active” orthogonal polynomials in f for j =
1,..., M. Then we can uniquely reconstruct the sparse expansion into orthogonal polynomials
f as in (4.5) using the 2M samples (f, g(-,t*))q fork =1,...,2M.

Proof. The proof is a constructive one. We use the definition of the signal f in (4.5) and
the definition of the generating function given in (4.4) and apply the orthogonality

M M 00
<f/g('/t)>Q = <Z ananrg('/t»Q = chj<anrkZ: kaktk>Q
=1 =0

j= j=1
M 00 k M
= Z Z wit” ( k)Q = ) Cny Wy t" (4.6)

O kdn.
n],k n]

with En]. = Cy, wn].dnj. Thus, this inner product “maps” the sparse expansion f into the
orthogonal polynomials to a sparse monomial expansion. We note that the second step
in the above equation is, indeed, possible for ¢ as in the assumption. This monomial
expansion can be recovered via the generalized Prony method. Therefore, we define
the Prony polynomial

M

P(z) =] J(z—t") Z piz.

j=1

We note that pys = 1, employ (4.6) and consider the following equation for ¢ =
1,...,M,

M M
Z Dr <f,g(.’ t(l+k Z G ] (£+k)
k=0

j=1

M
=Y gt Zpkt”f =0.
j=1

k=0
N——
=P(t"1)=0

Exploiting the fact that pys = 1 and the above equations one can compute the coef-
ficients px, k = 0,..., M — 1, of the Prony polynomial by considering the following
Hankel system

MM-1

(por s prit) = = (5 H0M))

(=1

((£,8(,9))0)

{=1,k=0
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4.1 Reconstruction Method Using Generating Functions

This matrix can be factorized in the following form

(.80 (£8GE)a - (£8(t)g
(f.8¢.2)a  (f8(:F))a - (£8( " ))g
: . . : (4.7)
(f.8C.tM)q (f8( " ))q ... (f.8( M 1))
1 1 1 ¢, 0 ... 0 I
th N 0 ¢y ... O 2 g2 M
fM=Dny p(M=D)mz  f(M=T)ny 0 0 Cong fim g2 My
= V- diag(Cpy, - - ., Cny, ) - diag(t™, ..., ™) AV
. n:k M-1M . .. .
with Vy = (t i )k:oj':l' Since we assumed that the sum determining f in (4.5) has

minimal length we can conclude ¢,; # 0, j = 1...,M and t" # t" # 0 for j # i
by assumption. Therefore, the occurring Vandermonde matrices Vs as well as the
diagonal matrices are invertible, and, thus, the Hankel matrix itself is invertible.
Using the coefficients of the Prony polynomial we can compute its roots t"/, and,
thus, the parameters n; for j = 1,..., M, as well as the corresponding weights Wy,
As a last step, we now have to compute the coefficients c,, j = 1,..., M, of f in

(4.5). This can be done by solving the overdetermined linear system

M
(f,8( ) o =Y cut"" fork=1,...,2M, (4.8)
j=1

Cn; . .
and we obtain Cny = 7 J— for j=1,..., M. Hence, the claim follows. O
H]' "Vl]‘

Remark 4.10 We omit the samples (f(x), g(x,1%))g = (f(x),g(x,1))q since for a lot of
generating functions g(x,t) the corresponding series does not converge for t = 1 and
therefore application of Theorem 4.9 would not be possible.

Furthermore, we want to emphasize that depending on the generating function the
parameter ¢ can be chosen as a primitive root of unity. The periodicity of the roots
of unity imply that the the condition t"/ # t" for j # k in Theorem 4.9 is, indeed,
necessary. Since in practice the parameter n; are unknown, we need tk £t for all
k,¢ €{0,...,2MN}, where N is an upper bound on the degree of f. O

We want to explore the connection between the generalized Prony method and the

above mentioned reconstruction. Therefore, we consider the following operator.
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4 Reconstruction of Expansions into Orthogonal Polynomials

Definition 4.11 (Dilation Operator) Let 7 € R\ {0}. Then the dilation operator
Dj: C(R) — C(R) is defined as

Dif(x) = f(hx). (49)

Remark 4.12 This operator is a special case of the generalized shift operator Sy, in
(3.22) with G(x) =log(x) and H =1, i.e.,

Stog()1f (¥) = f(BI ) = f(elx) = f(hx)

with I = ¢/, In the previous section, we established that the eigenfunctions of this
operator are monomials, see Table 3.1. Further information for the reconstruction
using this operator can be found in [Pet14], Section 4.2. O

The generating function reconstruction method does not use the linear operator for
which the orthogonal polynomials are eigenfunctions but rather the dilation operator.
We recall (4.6) and consider the samples

M
(f,8(t)q = 2%#‘”1‘
j=

with En], = cnjwnjdn],, j=1,...,M, and k € IN. We choose the point evaluation func-
tional F;: C(R) — C with F;(f) := f(1) and get

M M M
Y 6t =Y &R (Dfx"f) - F (Df (Z En].x”f> ) . (4.10)
j=1 j=1 j=1

Consequently, we can interpret (4.6) as “mapping” between the basis of orthogonal
polynomials into a basis of monomials.

We summarize our results in the following algorithm.
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4.1 Reconstruction Method Using Generating Functions

Algorithm 5 Algorithm for the Reconstruction of Expansions into Orthogonal Polyno-
mials Using a Generating Function

Input: M € N, t € C)\ {0} as in Theorem 4.9 and sampled values (f,g(-,t))g, { =

1,...,2M.
1: Form the Hankel matrix Hy := ((f, g(-, tk+é)>Q)21701,(’i41 as well as

f:= ((f,g(-,t”M»Q))Qil and solve Hy; - p = —f for p := (p;)}"," as in (4.7).
2: Define the Prony polynomial P(z) := Y™ | pyz* with pyr = 1, find all roots Aj =t

of P, and determine the parameters 1, := log;, (/\j) for j=1,..., M. Determine the
weights w,, corresponding to the n;-orthogonal Polynomial Q,, in (4.4) as well as

the parameters dnj in (4.2).
2M,M

3: Solve the Vandermonde-like system Vapar - € = fopr with Vo p == </\}‘)k Lt
= ,]:

M
< = ('cvnj)jl\i1 = (andnjwn]->,:1 and foy = ((f,g(-,tk)>Q)ifl and compute the
& forj=1,...,M,asin (4.8).

dy. Wy,

coefficients Cny =

Output: Cn; and nj for j=1,..., M as in (4.5).

For application the required samples (f,g(-, ")) can be computed by numerical

integration using Gaussian quadrature.

Theorem 4.13 Let f € C([a,b]) and n € IN. Furthermore, let {Qy | k € No} be a set
of orthogonal polynomials in Definition 4.1 with corresponding weight function w, and let x;

denote the i-th root of the the polynomial Q, fori =1,...,n. The Gaussian quadrature I(f)
of f is given by

I(f) =) wif (xi) (4.11)
i=1
with weights
b L
w; = / wx)[] dx (4.12)
a =1 %~ Xj
i#]

fori=1,...,n. The Gaussian quadrature is exact for polynomials up to degree 2n — 1, i.e.,

b
| fowdx = 1),
Proof. For the proof we refer to Theorem 3.6.12 in [SB02]. O

Theorem 4.14 Let M € N and {Qy | k € No} with Qx € L?([a,b], w) be a set of orthogo-
nal polynomials with corresponding inner product (-,-)q as in Definition 4.1 and generating
function g in (4.4). Furthermore, let f be an M-sparse expansion into orthogonal polynomials
as in (4.5) and N € N be an upper bound on the degree of f, i.e., deg(f) < N. We suppose
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4 Reconstruction of Expansions into Orthogonal Polynomials

that there exists a t € C \ {0} such that g is well-defined, i.e., uniformly convergent for all
x € [a,b] and tkfor k € Ng. Moreover, we assume, that t* # £k holds for all k,¢ =1,...,N.
Then the signal f can be recovered using only the N samples f(x;) with x; denoting the k-th
root of the polynomial Qn for k = 1,...,N. In particular,

N N
(f,8(t))q = Y wif (xi) Y £ Qu(xi)wy (4.13)
i=1 n=0

holds for ¢ =1, ...,2M with w; as in (4.12) and wy, as in (4.4).

Proof. We introduce the partial sum

N
gn(x,t) =) wut"Qu(x).
n=0

For fixed t € C this is a polynomial of degree N, i.e., deg (gn(-,t)) = N. We use (4.4)
and consider for / =1,...2M

Uostta= [ f@gtn o@as = [0 ¥ w, té)"@(x)w(x)dx

—/ F(x)gn(x, tHw dx+/ f(x) Y wut"Qu(x)w(x)dx

n= N+1

:/abf(x)gN(x,tf)w(x)dx%— i wntenzcn/ Qn] X)Qn(x)w(x),dx

n=N+1

where the last equation follows by (4.5). Since N is an upper bound on the degree of
f, we know that deg (f(-) - gn(+,t")) < deg(f) +deg (gn(-,t)) < 2N holds. Thus,
fen(-,t) is a polynomial with degree of at most 2N — 1 and, hence, Theorem 4.13

implies

b N
| fgne s = Y- wif (x)ga(xt),
a i=1
with x; the i-th root of the polynomial Qy and wj; as in (4.12),i = 1,..., N. Addition-
ally, we know that deg(f) < N implies

/ab Qu, (%) Qu(x)w(x)dx = 0

foralln > N +1 and Qy, the “active” orthogonal polynomials in f. Consequently, we
can conclude

fx)gn( (x;, ).

Mz

(f,8(-

i=1

Application of Theorem 4.9 yields the claim. O
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4.1 Reconstruction Method Using Generating Functions

In particular, we can conclude that the application of the Gaussian quadrature on
the samples (f, g(+, )) o is sufficient for the reconstruction of a signal f.

Corollary 4.15 Let M € N and {Qy | k € No} with Qi € L?([a, b],w) be a set of orthog-
onal polynomials with corresponding inner product (-,-)q as in Definition 4.1 and generating
function g in (4.4). Furthermore, let M € N and f be an M-sparse expansion into orthogonal
polynomials, i.e.,

M
X) = Z Cﬂan]' (X)
j=1

and N > deg(f). We suppose that there exists a t € C\ {0} such that g is uniformly
convergent for all x € [a,b] and t* for k € No. Moreover, we assume, that t* # t* holds for
allk,? =1,...,N. Then we have

N
(f,8( )0 — Z%wif(xi)g(xi, t')
f=

N N
<3 o) Hg("’ )= ¥ w0,

[ee]

with w; as in (4.12), wy, as in (4.4), x; the i-th root of the polynomial Qn and £ =1,...,2M,
i=1,...,N.

Proof. We want to apply Gaussian quadrature to the samples (f,g(-,t*))q for ¢ =
1,...,2M as in Theorem 4.13 and consider the corresponding error

N
‘(fzg(vf()hg - ;wif(xi)g(xi/ t')

for w; as in (4.12) and x; the i-th root of the orthogonal polynomial Qy for ¢ =
1,...,2M. Application of Theorem 4.14 and, in particular, (4.13) and yields

if (x ant "0y, Qn (x szf g(xi t )

n=0

<Z|wzf |H (1) — Zwtf”Qw

N
‘(f/g(vfg»Q - Zwif(xi)g(xz/

N
<Y wif(

i=1

antf”Qn (x;) — g(xi, t)
n=0

oo}

O]

In particular, if the generating function g convergences uniformly and N is chosen
large enough, the approximation obtained by the Gaussian quadrature is sufficient for
the reconstruction since H g(x, t) — XN Jw,t"Q, (x) H — 0 for N — oo.

[o0]
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4 Reconstruction of Expansions into Orthogonal Polynomials

4.2 Reconstruction Methods Using Linear Operators

In the previous section we have developed an algorithm for the recovery of sparse ex-
pansions into orthogonal polynomials using a generating function and the generalized
Prony method. In this section we want to take a look at two already existing meth-
ods for the recovery of such expansion using Prony’s method and highlight the major
differences. Both methods use a linear operator for which the orthogonal polynomials

are eigenfunctions. This operator is also known as the Sturm-Liouville operator.

Definition 4.16 (Sturm-Liouville Operator) Let [2,b] C R a interval, then we can
define the Sturm-Liouville operator L, : C*([a,b]) — C!([a, b]) by

Liaof () = 3 (~ g [P0 350 +a(0f)) w € (ab)

w
with w,q € C([a,b]) and p € C'([a,b]) with w(x) > 0 and p(x) > 0 for all x € [a,b].

Remark 4.17 The problem of finding eigenfunctions and eigenvalues of the Sturm-
Liouville operator Ly, on C?([a,b]) together with the boundary conditions

o aif(a)+axrf'(a) =0 for a? + a3 >0,

o B1f(b) + Bof'(b) = O for p1+ 3 > 0
is called the Sturm-Liouville problem. Is it commonly studied in the field of non-
linear partial differential evolution equations and has applications in quantum me-
chanics, for example the one-dimensional time-independent Schrodinger equation,
see, e.g., [Mar86]. O

Lemma 4.18 Let [a,b] C R an interval and L, 4., be the Sturm-Liouville operator. Then the
following holds.

(i) If w is the integrable weight function of L?([a,b],w), then the eigenfunctions of the
Sturm-Liouville operator are orthogonal with respect to the inner product in (4.1).

(ii) The eigenfunctions of the Sturm-Liouville operator are only polynomials if w, p are cho-
sen such that —L£ and —’% are polynomials of degree 2 and 1, respectively and q = 0,
i.e. the Sturm-Liouville operator can be simplified to

Lyaf = pf"(x) +4(x)f'(x) (4.14)

/

withp:=—Land .= -E

w*

B

Proof. For the proof of (i) we refer to [Pry93], Proposition 2.3 and for the proof of (ii)
we refer to [Les62], Theorem 1. O

Lemma 4.18 implies that we can use Theorem 2.5 in order to recover sparse expan-

sions into orthogonal polynomials, see [PP13].
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4.2 Reconstruction Methods Using Linear Operators

Theorem 4.19 Let L, ., be the Sturm-Liouville operator. Let p,w and q be such that —£ =:
p and —%’ =: g are polynomials of degree 2 and 1, respectively and q = 0. Then the {-th
iteration of the Sturm-Liouville operator is given by

2/
Lo awf(0) =Y a(x)f¥(x)  feC¥([ab) (4.15)
k=1

for £ € No with a11(x) == q(x), ax1(x) :== p(x), and for £ > 2, ay 4 satisfies the recursion

are(x) =k (kglﬁﬁ(x) +‘7/(x)> ao-1(x) + ((k=1)p"(x) +§(x)) ax_1,0-1(x)

+ p(x)ax_g,0-1(x)

(4.16)

with the convention ay(x) = 0for £ > 1and k ¢ {1,...,2¢}. Moreover, let {Qy | k € INo}
be a set of orthogonal polynomials in Definition 4.1 with corresponding weight function w and
f be an M-sparse expansion into the orthogonal polynomials Qy as in (4.5). Then f can be
reconstructed using the derivative values f'*)(xq) for £ =0,...,4M — 2 and xo € [a, b).

Proof. For the proof of (4.15) with (4.16) we refer to [PP13], Theorem 4.1. Furthermore,
Lemma 4.18 (i) and (ii) imply, that the orthogonal polynomials Qy, k € Ny, are the
eigenfunctions of the Sturm-Liouville operator. Therefore, we can apply Theorem 2.5
and the claim follows. O

Although this theorem enables us to reconstruct an arbitrary finite expansion into
orthogonal polynomials f, there is one major drawback of this approach.

In practice we usually want to reconstruct a signal or a function from sampled
data, which come in form of functional values f(x;) for sampling points x; with j =
0,...,2M — 1 and not in form of derivative values f (’”)(xo) for xp € R and m =

0,...,2M — 1. Hence, the approach using the Sturm-Liouville operator is not practical.

A different approach for the reconstruction of orthogonal polynomials was introduced
in [Stal8]. We will briefly discuss the method in order to compare it with the one we
derived above. Therefore, we introduce the necessary definitions.

Definition 4.20 (Dual Space) Let V be a normed vector space over a field K. Then
the space V* := {¢: V — K | ¢ linear} is called the dual space of V. Moreover, the
mapping (-,-): V x V* — K with (v, ¢) := ¢(v) is called the natural pairing between
V and its dual space V*.

Definition 4.21 (Adjoint Operator) Let V be a Hilbert space, V* be its dual space and
(-,-) the corresponding natural pairing as in Definition 4.20. Moreover, let A be a
linear operator defined on a dense subspace dom(A) C V with A: dom(A) — V. The
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4 Reconstruction of Expansions into Orthogonal Polynomials

operator A*: dom(A*) — dom(A) is called the (formal) adjoint operator if it satisfies
(Av, ¢) = (v, A ) (4.17)

for all v € dom(A) and ¢ € dom(A*).

Remark 4.22 The above definition is usually given for unbounded operators A. If A
is continuous and, hence, bounded, we have dom(A) = V. O

Since this Chapter focusses on orthogonal polynomials and their expansion, we
consider the Hilbert space L?([a, ], w).

Theorem 4.23 Let [a,b] C R and let L?([a,b],w) be the vector space introduced in Defini-
tion 4.1. Moreover, let Lyq. be the Sturm-Liouville operator given in Definition 4.16. The
following holds.

(i) The space L?([a,b],w) is self-dual and the natural pairing is the inner product (-,-)
given in (4.1).

(ii) If p, q are real functions, then the Sturm-Liouville operator is selfadjoint on all functions
that satisfy the boundary conditions given in Remark 4.16.

Proof. For the proof of (i) we refer to [Wer11], Theorem II.2.4. The proof for (ii) can be
found in [Heu06], Section 3 pages 37-38. ]

Now, we can formulate the dual sampling approach in the context of orthogonal
polynomials.

Theorem 4.24 Let {Qy | k € INo} be a set of orthogonal polynomials with Qy € L?([a, b], w)
and inner product (-,-)q as in Definition 4.1. Moreover, let M € IN and f be an M-sparse
expansion into the orthogonal polynomials Qy as in (4.5) and A: L?([a,b], w) — L?([a,b], w)
be a linear operator such that AQy = AxQy holds for all k € INy. Let A* be the adjoint operator
as in Definition 4.21 and ¢ € dom(A*) be fixed. Then f can be uniquely reconstructed using
the samples (f, (A*)'¢)q for £ =0,...,2M — 1.

Proof. Theorem 4.23 (i) implies, that the inner product (-, -) o coincides with the natural
pairing on L?([a, b], w). Furthermore, since the orthogonal polynomials Qj are eigen-
functions of A, we have Q; € dom(A). Consequently, the claim is a direct application
of Theorem 4.1.3. in [Stal8]. O

Remark 4.25 The function ¢ € dom(A*) in the above theorem is called a sampling
kernel in [Stal8]. Furthermore, we can interpret the above theorem as a special

case of the generalized Prony method. Therefore, we define the linear functional
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4.2 Reconstruction Methods Using Linear Operators

L?([a, b], w) — R with Fy := (-, ¢). Application of (4.17) yields

(f (A @) = (A'f,9)o = Fy (Af) -
Hence, Theorem 2.5 can be applied in order to reconstruct the signal f. O

While some first ideas of sampling kernels, adjoint operators and orthogonal poly-
nomials where briefly discussed in [Stal8], the dual sampling approach remained
rather theoretical. In [Stal8], pages 74-75 the choice for a sampling ¢ with

0 =Y Qi) (4.18)
k=0

for |Bx| > 0 and Y3° |Bk|* < oo was briefly introduced but not further elaborated on.
We take a closer look at these sampling kernels. Using the definition of the adjoint
operator, we can conclude that the needed samples in Theorem 4.24 are of the form

00 M

(f.(A ch]Qn,, 2 Br(A™) ' Qi)g = kzoﬁk Zlcnj Qur (A")'Qx)g
j
00 M o M
=) Br ) cnl (A'Quy Qedo = Y Y BrcnA (Quy Qi)
=0 j=1 k=0j=1
M
- chj,an/\fzjdnj/

[y

where d,,; denotes the constant given in (4.2).

We choose By = t* for || < 1 and k € INy. We want to emphasize that this choice of
sampling kernel is indeed possible, if we have uniform convergence of the series given
in (4.18). This yields

M
{fs (A*)E‘MQ = gcnj)‘futnjdm‘
]:

Comparing these samples with the ones used in Theorem 4.9, we observe that the
major difference is the occurrence of eigenvalues A,; in the dual sampling approach
and therefore our above described method is more advantageous as it omits those
parameters.

Furthermore, this highlights that we do not need the linear operator which has the
orthogonal polynomials Qy, k € Ny, as eigenfunctions for the reconstruction method
based on the generating function.

We can specify the operator used in Theorem 4.24.

Theorem 4.26 Let {Qx | k € INg} be a set of orthogonal polynomials with corresponding
inner product (-,-)q and generating function g as in (4.4) and let t € C \ {0} such that g is
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4 Reconstruction of Expansions into Orthogonal Polynomials

well-defined for all x € [a,b]. Let f be an M-sparse expansion into orthogonal polynomials
as in (4.5) for M € IN. Furthermore, let Ly be the Sturm-Liouville operator given in
Remark 4.16 with p,w such that —£ =: p and —% =: q are polynomials of degree 2 and 1,
respectively, and q = 0. Then f can be reconstructed using the samples (f,g(-,t))q and

2
Y (frane()8™ ()
k=1
for & =1,...,2M — 1 with a11(x) := q(x), az1(x) = p(x), and for £ > 2, ay , satisfies the

recursion

ot 0) =k (E525 0 4720 ) g2 (0 + (0= DF () 4 0) (1)

+ p(x)ax—2,-1(x)
with the convention ayy = 0 for £ > 1and k ¢ {1,...,20}.

Proof. Theorem 4.18 (ii) implies that the Sturm-Liouville operator Ly, is self-adjoint
with the orthogonal eigenfunctions Qy for k € INg. Therefore, application of Theorem
4.24 yields that the samples (f, wa,w g(t)o, £ =0,...,2M — 1, are sufficient for the
reconstruction of f. Theorem 4.19 yields that the values Lfﬂ,q,w ¢(x,t) can be written as
sz,q,w g(x,t) = Y2 aro(x)g™ (x, t) with ay 4 satisfying the recursion (4.16).

O

We note, that for the dual sampling method described above, we do not need deriva-
tive values of the M-sparse expansion f into orthogonal polynomials, but 4M — 2
derivatives of the generating function g, which can be computed beforehand, since
they are independent of the signal f.

Nevertheless, we need to compute 4M — 2 inner products. Thus, in terms of needed

samples our newly developed algorithm is favourable.

4.2.1 Quadratic Sampling Schemes

We also want to introduce a different possible choice for a sampling kernel ¢ in Theo-
rem 4.24. Instead of ¢ as in (4.18), we can choose, a finite series as a sampling kernel,

ie.,

N
¢(x) =Y BrQx(x),
k=1

with B € R\ {0} and N € IN. We want to apply Theorem 4.24 for the reconstruction
of an M-sparse expansion into orthogonal polynomials. Thus, we take a closer look at
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the samples, which are needed, i.e.,

M N

(f, (A*)£¢>Q = <Z Agcannj/ Z 5ka>
Q

j=1 k=1

M N '
= Z Z Ai’l]‘cnlek <QVlj/ Qk>Q 14 € IN.
j=1k=1 ——
:5nj,kdn]-

In order to ensure that the above samples are not all vanishing, we need to assume
that N > n; forallj =1,..., M. Hence, we can simply choose

P(x) = ﬁcannj(x) = f(x). (4.19)
j=1

This yields a quadratic sampling scheme.

Theorem 4.27 Let {Qy | k € IN} be the set of orthogonal polynomials corresponding to the
inner product (-,-)g on L?([a, b], w) as in Definition 4.1. Furthermore, let A: L?([a, ], w) —
L%([a, b], w) be a linear operator such that AQy = AQy holds for all k € INy. Moreover, let f
be an M-sparse expansion of the form (4.5), i.e.,

M
f(X) = Z;Cﬂan]'(x)
j=

with ¢y, € C\ {0} for j = 1,..., M. Then the “active” indices n; of the signal f can be
uniquely reconstructed and the coefficients c,; can be reconstructed up to modulus using the
samples (A'f, f)q for £ =0,...,2M —1andj=1,..., M. Ifen, € Ry forj=1,..., M
holds, then the reconstruction is unique.

Proof. The proof is a constructive one. We define the Prony polynomial

—-

M
P(z) =[]z —An) = Y piz’
(=0

=1

with py = 1, which is determined by the (unknown) eigenvalues A, corresponding
to the “active” polynomials Q; in (4.5). We consider m € Z, then

M M M M
Z pr <Af+mf,f>Q — Z pe <Am+€ (Z anQn]) , Z anan>
(=0 (=0 =1 k=1

Q
M M M y;
=Y P} ) cnn (A" Qu, Qulo

(=0 j=1k=1
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M M M .
=Y P Y encnAin T (Quy Qo
(=0 j=lk=1 ——

:‘Snj,nkdnj

M=

Il
—_

]

———
=P(Ay;)=0

M
crdn A Y pedy, = 0.
j (=0

Thus, we can solve the Hankel system

M-1

(™ f.0)a), o (popn )™ = = (A, o)

M-1

(=0

for the coefficients of the Prony polynomial. Using the coefficients we can compute its
roots Anj forj=1,..., M.
Finally, we solve the following linear system

(A'f, fro =

M=

Il
—_

CpydnAy, for £=0,...,2M —1,
)

and compute c%/,dnj and with this [c, | for j=1,..., M. O

Corollary 4.28 Let {Qx | k € IN} be the set of orthogonal polynomials corresponding to
the inner product (-,-)q and A: L*([a,b],w) — L?([a,b],w) be a linear operator such that
AQy = AxQx for k € Ng. Furthermore, let f be an M-sparse expansion of the form (4.5), i.e.,

M
f(X) = gcanﬂj(x)
j=

with cy; € C\ {0} for j = 1,..., M. Furthermore, let xy € [a, b] be pairwise distinct sampling
points for k = 0,..., M. Then the signal f can be uniquely reconstructed using the samples
(Aff,f>Q and f(xy) for £ =0,...,2M—1,k=1,...,M, and

j=1,...,M

Proof. We can apply Theorem 4.27 in order to recover the “active” indices n; for j =
1,..., M, of the signal f. The coefficients Cn; forj = 1,...,M can be computed by
solving the linear system
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4.3 Reconstruction Method Using g-analogs

4.3 Reconstruction Method Using g-analogs

In this section we want to illustrate that the generalized Prony method can theoreti-
cally be employed for further and more general expansions into orthogonal polynomi-
als if we can view them as eigenfunctions of suitable linear operators. Therefore, we
use the Askey-Scheme and derive a approximation based approach for the reconstruc-
tion of orthogonal polynomials. The Askey-Scheme is a way of organizing orthogonal
polynomials of hypergeometric or basic hypergeometric type into a hierarchy. Further
information on this topic can be found in [KLS10]. We begin by introducing basic def-
initions of g-calculus. We want to mention that these results are of rather theoretical
nature.
The following equation is the starting point for the theory of g-analogs,
lim L=q
-1 1—9¢q

=n forn € Ny.

Using this, we define the g-analogs for factorials as well as for binomial coefficients.

Definition 4.29 (g-Bracket, g-Shifted Factorial) Let n,k € INp and 0 < g < 1. Then we
call the expression

[n], = (4.20)
the g-bracket of n. Furthermore, for 2 € R we define the g-shifted factorical (or
g-analog of the Pochhammer symbol) as

n—1 .
(@q)n =] (1 —aq ) (4.21)
k=0
with (2;9)0 = 1 and (a,9)e := [ 1120 (1 — ag").

Based on these definitions we can now construct a special differential operator.

Definition 4.30 (g-Differential Operator) Let f: [0,00) — C be an arbitrary function
and 0 < g < 1. Then the g-derivative or Jackson-derivative of f at the point x € (0, %)
is defined as

Fa)—f&) g

D f)(x) = x(q—1)
(Dgf)(x) {f/@ N

We call [~)q the g-differential operator. If the function f is differentiable, we have
lim, D,f(x) = f'(x), see [KLS10], Section 1.15.
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4 Reconstruction of Expansions into Orthogonal Polynomials

Remark 4.31 There also exists a corresponding g-integral. Let f: [0,00) — C be an
arbitrary real function and 0 < g < 1. Then the g-integral or Jackson-integral of f on
(0,z) is defined as

[ole]

| foai=z0-0) T fa"2)a"

n=0
The Jackson integral can also be defined on (0, o) by
| i = -9 ¥ fa"q"

For a continuous function f we have

lim /0 CF(B) (1) = /0 C (bt

q—1

O

In the theory surrounding g-analogs one finds that for a lot of classical polynomials
such as Laguerre and Legendre polynomials, there exists a g-analog version and for
each Sturm-Liouville-equation their exists a g-difference equation. We will use this to

approximate these classical polynomials using the g-approach.

Definition 4.32 (-Hypergeometric Function) Let 0 < g < 1, n,j,k € INg and
ay,az, ..., aj, b1, b2, ..., by € R. Then the basic hypergeometric or g-hypergeometric
function for |z| < 1 is given by

ap a; ... a = (ay,az,...,0;;q)n () Lk—j
j ; /Z = _1 2 z
]q)k [bl by ... by 1 ] ,; (bl/b?_/-wrbqu}‘”n <( ) 1 )

with (ay,az,...,a;q), = I‘[Zn:l(am;q)n the g-shifted factorial as in (4.21) For j =k +1
we get the special case

ap ay ... G = (ay,a2,...,0c41;9)n g
;0,2 = zZ .
k1% [bl by ... by 1 ] y;)(blle/---/bkzq;Q)n

Definition 4.33 (Big g-Jacobi polynomials) Let 0 < g < 1, n € INg and 4,b,c,x € R.
Then the big g-Jacobi polynomials P, are defined as

o gpg"tl x
Py(x;a,b,c;9) == 3¢ [q 1 54, q] .
aq cq

The properties of the big g-Jacobi polynomials can be found in [KLS10], Chapter 14,
Section 14.5. We summarize some in the following theorem.
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Theorem 4.34 Let0 < g <1,a,b,c,x € Rand n,m € Ny. Then the following holds.

(i) For0 <aq <1,0 < bg < 1andc < 0 the big g-Jacobi polynomials satisfy the following
orthogonality relation

2 Pu(x; -a\P. (x: .
s (660715 q)eo ' (x;a,b,¢;9)Py(x;a,b,c;q)dgx

(a,abg?,a"'c,ac™'q;9)es (1 —abq) (q,bq,abc™'q;q)n
(aq,bq,cq,abc™1q;q)c0 (1 —abg?* ™) (aq,abq,cq,;q)n

/ a0 (a”lx,clxq)
Ci

(—acqz)nq(g)‘sm,n-

=aq(1—q)
(ii) The big g-Jacobi polynomials obey the limiting behaviour

(a,8) _
lim P, (x; L]“,qﬁ,O;q) — w
q—1

PP ()
and for arbitrary v € R>g
(a,B)
. P (x)
(gl_l’gpn(x/q g4 ’q) P,sa’ﬁ)(l).

Here, PP (x) denotes the classical Jacobi polynomials as in Definition 4.2.

(iii) The big g-Jacobi polynomials satisfy the g-difference equation

97" (1—¢")(1—abg" ")x*y(x) = B(x)y(qx) — [B(x) + D(x)]y(x) + D(x)y(7"'x)
with B(x) == ag(x —1)(bx —c¢) and D(x) := (x — aq)(x — cq).

Therefore, we can reconstruct M-sparse expansions into big g-Jacobi polynomials,
using the generalized Prony method and Theorem 2.5.

We use the difference equation given in 4.34(iii) and define the following linear oper-
ator.

Definition 4.35 (big g-Jacobi Sturm-Liouville operator) Let 0 < 1 < g and &, € R.

Then the big g-Jacobi Sturm-Liouville operator Léa’ﬁ Vis given by

1
Lga,ﬁ) — (qlx+,3+1Dq _ (qﬂchﬁJrl 4 1)Id + D;) _ } <qa+/3+1Dq _ qﬂchl (1 + l]’B)Id + qOH»lDé) ,
(4.22)

where (D,f) (x) = f(gx) is the dilation operator as in (4.9) and Idf(x) = f(x) the
identity operator.

The big g-Jacobi polynomials P, (x; 4%, qf,0;q) as in Definition 4.33 are eigenfunctions
of this operator with eigenvalues

AP = g (1= ") (1 — g P,

85



4 Reconstruction of Expansions into Orthogonal Polynomials

Therefore, we can use the generalized Prony method in order to uniquely recon-

struct a sparse expansion into big g-Jacobi polynomials such as

M
f(x) =Y cnPu(x;9% 9P, 0;9) (4.23)
j=1

using only the samples (Lé“’ﬁ))kf(xo) fork =0,...,2M —1 and xp € R with xg # 0.
Hence, we can conclude the following theorem.

Theorem 4.36 Let M € IN, 0 < g < 1and xo € R and f be an M-sparse expansion into big
g-Jacobi polynomials, i.e., f is of the form (4.23). Then f can be reconstructed using the 2M
samples (Lga’ﬁ))kf(xo), k=0,...,2M — 1, with Lg“’ﬁ) as in (4.22).

Remark 4.37 There also exists a continuous version for g-Jacobi polynomials. Let
0<g<1neNyand g, B,x € R with x = cos(f). Then the continuous g-Jacobi

polynomials P,g“’ﬁ ) are defined as
atl. —n atp+n+l 0.50+0.25,i6  0.50+0.25,—if
B (xlg) = i 4¢3 q+1 6]05( +B+1) ! 05(a+ iz) ! " ia
(0 9)n gt —q0Satprl) _f05(atp

and they possess the following limiting behaviour
lim P,S“’ﬁ)(x]q) = Pr(l“’ﬁ)(x),
g—1

where P,g“’ﬁ ) denote the original Jacobi polynomials.

These continuous g-Jacobi polynomials also satisfy a g-difference equation, which is
given in [KLS10], Chapter 14, Section 14.10, Equation 14.10.5, as follows,

(1= q)* Dyl (x;q" ", 47 9) Day (x)] + Audo(x;9% 4P lq)y(x) =0,
where 15,7 denotes the g-differential operator as in Definition 4.30. with

y(x) = PP (xq),
An _ 4q—n—1(1 - E]”)(l o qn+a+,8+1) and

i 2
(€2%39) oo
(qO.Sa+0.256191q0.5a+0,75€19’7q0.5ﬁ+0.25619;q0.5)00

@(x; 9%, qF|q) = N

for x = cosf. Therefore, we can also construct an operator, such that the continuous

g-Jacobi polynomials are eigenfunctions of this operator. Since such an operator is
based on the g-differential operator and the function w, this is impractical.

O
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We want to use the limiting behaviour of the Jacobi polynomials to derive an ap-
proximation based Prony algorithm, i.e., we approximate the Sturm-Liouville operator
given in (4.16) and its iterations by the big g-Jacobi Sturm-Liouville operator and its
powers. This gives rise to the following Algorithm.

Algorithm 6 g-Analog Based Prony Algorithm for the Reconstruction of Orthogonal
Polynomials

Input: MEN,0<q<1,x#0,&p8cRand L f(2xg—1) fork=0,...,2M — 1

1: Set f; = (Lé“’ﬁ)f)k(Zxo —1) for k = 0,...,2M — 1 and form the Hankel-matrix
Hy = (ko)%[:% and solve the system Hy; - p = —f with p == (p¢)},' and
fi= (fusn)isy-

2: Define ppy = 1 and find all roots Ay j =1,...,M of the polynomial P(z) =
YLy pxz* and compute nj using A,, = g~ — g* TP — 14 g* TP Set 71 as the
integer closest to n;.

3: Determine the unknowns Enj, j = 1...,M as the solution of the Vandermonde-

like-system Voprn - € = fopr with Voprpr = (Aﬁj)ifo_jl:’%
~ ~ _ Cn,
c = (cnl.)j’\i1 = (cn; Py (20 — 1))].1‘11 and foy = (f])Jzi/é 1. Compute Cnj = B oae=T)

j

forj=1,..., M.
Output: c,; € C\ {0} and 71; € N for j = 1,..., M as approximations of the parame-
ters in (4.5)

k
We remark that the iterated action (L[(f‘”S )) is non trivial as the terms

(71D, — (g°"#*1 + 1)Id + D1 ) and L (¢+#+1D; - g*+1(1 4 ¢f)Id + ¢**'D1 ) do
q q

not commute since
1
(4#41Dg = (¢**P*' + DId + Dy ) = (4P71D — g1 (1 + ¢P)ld + 4" 1D )

= P D2 g Dt [ (g P4 P g 1)),
q

1
+ E[anHSJrl + (qu+ﬁ+1 + 1)(qoc+1 + qa+ﬁ+1) + qa+ﬁ+2]1d

- %[(qa—kﬁ-&-l + 1)th+1 + (quc+2 + qa+ﬁ+2)]D1
q

1 1 1
£ qz(’”ﬁ*l);Ds + ;anDé _ ;[qa+ﬁ+1(2qa+ﬁ+1 +qa+1 + 1)]Dq

]‘ [ 14 14 4
4 ;[q +B+1 +q +1(1 +qﬁ)(5] +B+1 _|_1) +q2 +ﬁ+2]ld
L (g 4 g - 2))D

x
1
= (q”ﬁHDq — " (1 +¢P)Id + th—o—lD%) (qa+/3+1Dq — (P 1 1)1d + D%) ‘

= =

Consequently, the above derived algorithm is of a rather theoretical nature.
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4 Reconstruction of Expansions into Orthogonal Polynomials

Example 4.38 (A Toy Example) The Chebyshev polynomials of first kind T, (x) are

(—0.5,—0.5)

given as P, ,ile, & =B = —0.5. We now consider f(x) = cT,(x) with parame-

ters c = 1 and n = 3 that need to be recovered.
We want to sample (ng’ﬁ))kf(Zx —1)(xg) for k = 0,1 for xg = 1 and choose g = 0.99.
Therefore, we have g*"F*! = 40 = 1 and

(—05,-05) 1 _ 05 05
L§ = (Dy—21d+D,) = = (Dy— (1+4")1d +¢"%D, )
with the eigenvalues
~05,-0.5 - _
AT =g (- g (1 g g,
Thus, we need the samples

f2x—1)(1) =1,
(L0 f2x = 1)(1) = (099°% —1)f(2x = 1) (1) + (1 - 0.99™) - f(2x = 1)(g )
= (0.99%° — 1) + (1 — 0.99°°) - 1.18675 = 0.000936096.

This yields po = —0.000936096 and p; = 1. Therefore, the Prony polynomial is given
as P(z) = —0.000936096 + z. The root is A, = 0.000936096 = 0.99~"(1 — 0.99")?, and
approximate this for n € INy. The solution is given as n ~ 3.04413, and, thus, we get
n = 3. Now we need to solve the linear system

1=cTs(1),
0.000936096 = cTs(1)As3,

which yields ¢ = 1.

The reconstruction of the parameter c is exact and the error for the recovery of n is
0.04413. Further stability analysis lies beyond the scope of this thesis, but this result
implies that the derived Algorithm is of instable and as of now not of practical use. ¢

4.4 Numerical Examples and Applications

In this section we want to illustrate Algorithm 5 using different examples.

4.4.1 Reconstruction of Sparse Chebyshev Expansions of First Kind

We will begin by considering sparse expansions into Chebyshev polynomials, which
we have also studied in Section 3.3.

We recall that the Chebyshev polynomials of first kind are a special case of the Jacobi
polynomials for « = B = —3. Therefore, Lemma 4.3 implies that they are orthogonal
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4.4 Numerical Examples and Applications

with respect to the scalar product

! 1
= [ S8
with
<TT>—/1T()T()1d_ :nim:(g
S Y (e I

We have seen the generating functions for Chebyshev polynomials of first kind in
Table 4.1 and illustrate them in Figure 4.1.

I I I I I I I I
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Figure 4.1: Different generating functions for the Chebyshev polynomials of first kind

1 . . )
for the parameter t = 7 The red line shows the generating function for

the weights wy = 1 for k € INy, the blue line the generating function for
wy = % for k € INp and the black line for the weights wy = % for k € IN.

Thus, we can formulate the following theorem for the reconstruction of Chebyshev
expansions using the generating function g(x,t) = 1_12;7;““2

Theorem 4.39 Let M € N, |t| < 1 and f be an M-sparse expansion into Chebyshev polyno-
mials of first kind i.e.,

M
fx) =Y cn, T (x).
j=1
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4 Reconstruction of Expansions into Orthogonal Polynomials

Then f can be reconstructed using the samples

1 1—xt! 1
d
/,1f(x)1—2xtf—|—t2€ (1_x2) X

foré=1,...,2M.

Proof. We employ the fact that 1_12;% is a generating function for the Chebyshev
polynomials. Thus, Theorem 4.9 yields the claim. O

Corollary 4.40 Let f be a Chebyshev expansion of the form (3.33) and N € IN an upper
bound for the degree of the polynomial f. Furthermore, let t € R\ {0} such that |t| < 1.
The signal f can be reconstructed using the samples f (cos ((%71)) fork =1,...,N.
Moreover, the absolute value of the error obtained from approximating the integral

1—xt! 1
x 4.24
/_1f( )1—2xt€+t2%/ #24)
via Gauss quadrature can be bounded by
xtf N '
n
”Z o | =gt 7 - L T (x)

for&=1,...,Mandcy, j=1,..., M, the coefficients of the sparse Chebyshev expansion f.

Proof. Theorem 4.7 implies that the ordinary generating function g(x,t) = 1712;%
convergences uniformly for all x € [—1,1] and |{| < 1. We apply Theorem 4.14 and
can reconstruct f using only the N samples f(xx), k = 1,..., N, where x; denotes the

k-th root of the polynomial Qy. Moreover, Lemma 3.4 (iii) yields xx = cos <(2k_1)”).

2N
Lemma 3.4 (iv) and Corollary 4.15 imply that the absolute value of the error given

by applying Gaussian quadrature to the integral (4.24) is bounded by

N N
‘(f,g(vtf»Q—sz‘f(xi)g(xi/fé <Y lwif (k)] [|g(x 1) — ZfE"Tn
j=1 i=1 co
N M
< Y lwil Y len;| - | cos(njarceos(x;))| ||g(x, t*) — Z T, (x
i1 =1 .
N M
<) |w; |Z|cn] (x, ") — ZtE”T
i=1 j=1

[ee]

The weights w;, i = 1,...,N, given in (4.12) are w; = 3, see [AS64], Equation 25.4.38,
and, hence, the claim follows. ]

As seen in Table 4.1 there is more than one generating function for the Chebyshev
polynomials of first kind.

90



4.4 Numerical Examples and Applications

In the following we will now take a closer look at the reconstruction using the
exponential generating function.

Theorem 4.41 Let M € IN and f be an M-sparse Chebyshev expansion as in (3.33) and
t € C be a primitive N-th root of unity with N > 2M . Then f can be reconstructed using
the samples

/1 f(x )e *cos(t'/1 — x2)dx

-1

for£=1,...,2M.

Proof. The series Y 1> o t*T(x) converges uniformly for all t € C due to the Weier-
strass M-test, since |Ty(x)| < 1 for x € [-1,1] and Yj°, 4t* = €' hold. Since
e cosh(tv/1 — x2) is a generating function for f, we can apply Theorem 4.9 and the
claim follows. O

Analogously, to the case of the ordinary generating function we approximate the
needed samples using Gaussian quadrature.

Corollary 4.42 Let M € N and f be an M-sparse Chebyshev expansion of the form (3.33)
and N € IN an upper bound on the degree of the polynomial f. Furthermore, let t € C be a
primitive L-th root of unity with L > 2M. Then the signal f can be reconstructed using the
samples f (cos ((Zkil» fork =1,...,N. Moreover, the absolute value of the error given
obtained by approximating the mtegml

/ f(x)et ¥ cos(t'+/1 — x2) ! dx (4.25)

1—x2

via Gauss quadrature can be bounded by

7'(2 || ||€" ¥ cos(t'v/1 — x2) — i tn—!Tn(x)

o]

fort=1,...,M.

Proof. We consider the exponential generating function g(x,t) = Yo 5Qu(x). The
Weierstrass M-test implies that the right hand side is uniformly convergent for x €
[—1,1] and t as assumed. Theorem 4.14 yields that f can be reconstructed using the
samples f(x;) with x; = cos <(2k2_1\})n), k =1,...,N, denoting the roots of the N-th
Chebyshev polynomial as in Lemma 3.4 (iii). Corollary 4.15 and Lemma 3.4 (iv) imply
that the absolute value of the error of the Gaussian quadrature of the integral (4.25)

91



4 Reconstruction of Expansions into Orthogonal Polynomials

can be bounded by
(fr8(t))0 = Y wif (xi)g(xi t)| < ) lwif (xa)] [[g(x, 1) =}, —rTu(x)
j=1 i=1 n=0 """ 0
N M N ln
< Z; || 21 |cn;| - | cos(n;arccos(x;))] ||g(x, t*) — Z — T T (x)
1= ]= n=0 (o)
N M p N ¢ n
< Z ’ | Z ’C”J x t Z 7,T
i=1 j=1 n=0 .
Since w; = g, see [AS64], Equation 25.4.38, the claim follows. ]
Example 4.43 We consider the following signal:
f(x) = —T2(x) + 2.5T4(X) + 0.7T9(X) +0.9T1; (X) - 1.2T14(X). (4.26)

This is a 5-sparse Chebyshev expansion. We use Algorithm 5, and compare the re-
construction using the different generating functions given in Table 4.1 to calculate
approximations ¢, and 7; of the original parameters ¢,, and n; for j = 1,..., M as
shown in Table 4.2 and Table 4.3, respectively For the ordinary generating function
and the generating function with weights 1, we choose t = \—@ and for the exponential
generating function we choose t = exp (). Furthermore, we use Gaussian quadra-
ture with the samples f (cos (25001 ) > fork =1,...,100. The error in the reconstruction
of the indices of the “active” basis polynomials Tn], and the corresponding coefficients

Cn; forj=1,...,5 are shown in Table 4.2 and Table 4.3, respectively.

npnj =gl e =1) =7l (wa = 3) | =7 (we = 3p)

j=1 2 3.01248-1012 2.14895 - 1012 7.99312-10~ 14
j=2 4 494558.10710 7.18446 - 10710 1.02602 - 10712
j=3 9 880341-107° 2.94123-10~* 1.60405 - 107
j=4 11 0.00133 0.00547 1.48308 - 105
j=5 14 0.00247 0.01291 0.00228

Table 4.2: Error in the numerical evaluation of indices of the “active” basis polynomials
T, of the sparse Chebyshev expansion (4.26) using Algorithm 5 and different
generating functions.
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j Cn; |an —Enj| (w, =1) |Cn,~ _Enj| (wy, = %) ’an - En/“ (wn = %)
j=1 -1 1.21369-1071 8.66718 - 1012 1.40923 -10713
j=2 25 249116-107° 3.63626 - 10~% 3.10319 - 1012
j=3 0.7 0.00015 0.00049 1.57102- 107
j=4 09 0.00076 0.00312 1.79510-107°
j=5 —12 0.00063 0.00335 0.00437

Table 4.3: Error in the numerical evaluation of coefficients Cn; of the sparse Chebyshev
expansion (4.26) using Algorithm 5 and different generating functions.

Figure 4.2: Original signal f of the form (4.26). The reconstructed signal was obtained
by Corollary 4.42 and Algorithm 5 and is shown in red. The orignal signal
f is shown in blue. Both signals cannot be distinguished visually.

Here, since we know that the degrees 1; of the polynomials are integers, we have
rounded the reconstructed values 7; to the next integer before proceeding with the
last step of Algorithm 5. The signal f and its reconstruction based on the exponential
generating function are shown in Figure 4.2.

We observe, that the reconstruction method using the exponential generating func-
tion is slightly better than the reconstruction method using the other generating func-
tions. In particular, we perceive that the reconstruction error is larger for the higher
indices, which can be explained by the approximation error for the Gaussian quadra-
ture derived in Corollary 4.42 and Corollary 4.40. O

Example 4.44 We want to compare the reconstructions methods based on the different
generating functions given in Table 4.1 in a more detailed way. Therefore, we consider
100 different randomly generated M-sparse Chebyshev expansions as in (3.33) with
M = 4 and compare the average of the maximal reconstruction errors.
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4 Reconstruction of Expansions into Orthogonal Polynomials

The “active” indices n; have been drawn uniformly from {1,...,17} and the param-
eters cy, from {—20,...,20} \ {0} for j = 1,...,4. Moreover, we compute the largest
difference between the “active” indices 7; and the corresponding coefficients c,; re-
spectively, and the parameters 7; and cy,; recovered by Algorithm 5, forj =1,...,4.

Additionally, we average these values over the 100 calculations. We set n := (nj);*:l,

4
=1

the reconstruction failure err respectively by

c= (an)?:y n:= (ﬁj);l:l and ¢ = (C;);_y, then, for each generating function we define

100
err, ‘= 100]21 Hn - nHoo/

1 100 N
err, = 100; e —€co-

The result of this computation is presented in Table 4.4. We observe that all generating
functions given in Table 4.1 give similar results.

One possible explanation for the obtained errors is that the absolute value of the
coefficients Cnjs j =1,...,4 can be relatively big, i.e.,, 1 < ]Cn].\ < 20. Furthermore, it
is possible that the indices nj, j = 1,...,4, can all be relatively big and close to 17.
Therefore, they may negatively impact the error of the Gaussian quadrature.

err w, =1 wn:% wn:%

err, 0.78169 0.85064 0.65250
err, 0.22439 0.67256 0.32215

Table 4.4: Performance of the reconstruction of 4-sparse Chebyshev expansions using
Algorithm 5 and different generating functions.

4.4.2 Reconstruction of Sparse Legendre Expansions

In the following section we will illustrate the reconstruction method described in this
chapter using Legendre polynomials. Therefore, we recall the definition of the Legen-
dre polynomials and their most important properties.

Definition 4.45 (Legendre Polynomial) Let n € Ny and x € [—1,1]. Then the Legen-
dre polynomial P, of degree n is defined as the solution of the differential equation

T (=250 )+l + 1y =0 @.27)
with P,(1) = 1.

The Legendre polynomials are a special case of the Jacobi polynomials given in
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Defintion 4.2 with &« = B = 0, see [AS64], Section 4.1. Therefore, Lemma 4.3 implies,
that the Legendre polynomials are orthogonal with respect to the weight function
w=1,i.e,

1 2
[ P()Pu(x)dx = 5= b (4.28)

Furthermore, according to Theorem 4.6, the ordinary generating function for the Leg-
endre polynomials is given by

ad 1
Y Pt = ———. (4.29)
n=0 V 1 — 2xt + t2

The convergence of the above series holds for |t| < 1, since

| Pa ()£ < | Pa() ] [ < 2]
N—
<1

Thus, the Weierstrass M-test yields uniform convergence. Therefore, we arrive at the
following theorem.

Theorem 4.46 Let M € IN and f be an M-sparse expansion into Legendre polynomials, i.e.,
M

Fx) =Y cn, Py (%) (4.30)
j=1

with cy; € C\ {0} and n; being the indices of the “active” Legendre polynomials for j =

1,...,Mwith0 < ny < np--- < ny. Then the signal f can be reconstructed using the

samples

1
/ x ! dx (4.31)
-1 V1 —2xtl 4 2

fort=1,...,2M.

Proof. Equation (4.29) yields, that \/ﬁ is the ordinary generating function for the
Legendre polynomials. Therefore, we can apply Theorem 4.9 and the claim follows.
O

Corollary 4.47 Let M € IN and f be an M-sparse expansion into Legendre polynomials
as in (4.30) and N € IN an upper bound on the degree of the polynomial f. Furthermore,
let t € R\ {0} such that |t| < 1. Let xx, k = 1,...,N, be the k-th root of the N-th
Legendre polynomial Py. Then the signal f can be reconstructed using the samples f (xy)

fork =1,...,N. Moreover, the absolute value of the error obtained from approximating the
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4 Reconstruction of Expansions into Orthogonal Polynomials

integral

/ flx 2xt4 r2t Tl (432)

via Gauss quadrature can be bounded by

1 N

= Y t"P,(x)
1—-2xtt 426 =

N 2 M
X =B ] !

i=1

(o]

for&=1,...,Mand cy, j=1,..., M, the coefficients of the sparse Legendre expansion f.

Proof. The generating function g(x,t) = » converges uniformly. Theorem 4.14

1
1-2xt+t
yields that f can be reconstructed from the values f(x;), where x; denotes the i-th root
of the Legendre polynomial Py. The weights w; of the Gaussian quadrature are given

by

2
(1 —x;) (Py(x:))?

fori =1,...,N, see [AS64], Equation 23.4.32. Hence, |P,(x)| < 1 for all n € Ny and
application of Corollary 4.15 yield the claim. O

w; =

Example 4.48 We want to illustrate the reconstruction method with an example.
Therefore, we consider a 4-sparse Legendre expansion. We use Algorithm 5 to calcu-
late approximations 7; and ¢y, of the original parameters n; and ¢y, forj =1,...,4 as
shown in Table 4.5. The needed samples were approximated using Gaussian quadra-
ture of order N = 50. The roots of the Legendre polynomials were computed using the
Newton method with initial guess y;, = cos <(22(2+1\})) ") + (01\2]7) sin ( ( 1+ 2k> N +1>
for the k-th root with k = 0, ..., N — 1. Furthermore, we choose t = \ﬁ. Since we know

that the orders n; of the polynomials are integers, we have rounded the values of the
reconstructed values 71, j = 1,. .., 4, to the next integer before proceeding with the last
step of Algorithm 5. Even though we obtain small errors in the recovered parameters,
the reconstruction is accurate, as depicted in Figure 4.3.

j=1 1 —1 0.99999999999999 —0.99999999999998
j=2 7 1 6.99999999404930 0.99999998854422
j= 11 2 10.9999989830414 1.99999839505289

j=4 25 -2 25.0193267666628 —2.01316759005214

j

Table 4.5: Numerical evaluation of the indices of the “active” basis polynomials and
corresponding coefficients of the sparse Legendre expansion (4.30) using
Algorithm 5 and the ordinary generating function.
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25

0.5H

-0.5 L

25 1 1 1 1 1 1 1 1 1

Figure 4.3: 4-sparse Legendre expansion with parameters given in Table 4.5 and its
reconstruction. The reconstructed signal was obtained by Algorithm 5 and
is shown in red. The original signal is shown in blue. Both signals cannot
be distinguished visually.

O

Example 4.49 Finally, we also want to compare our Algorithm with the (classical)
"brute force” Gaussian quadrature approach. Therefore, we consider an M-sparse
expansion f into Legendre polynomials as in (4.30) and N an upper bound on the
degree of f. In order to determine the “active” Legendre polynomials P, as well as

the corresponding coefficients Cnjs j=1,...,M we compute the inner products

u u C”jﬁ t=nj,

<f/P€>P: <chjpnj/P£>P: Ecn]-<Pnj/Pl>P: / (433)
j=1 = 0 t#n

for £ = 1,...,N. Hence, the “active” Legendre polynomials P, are obtained by the

non-vanishing inner products and the corresponding coefficients c,; can be computed

by

o (f+ Pu;)p(2nj +1)
n]' - 2

forj=1,..., M. If the parameter M is known, deg( f) + 1 inner products are sufficient
for the reconstruction. If M is unknown, we need to compute N + 1 inner products for
the recovery of the M-sparse expansion. We use Gaussian quadrature of order 2N and

note that Theorem 4.13 implies, that the Gaussian quadrature is exact, since we have
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deg(f - P;) < deg(f) +deg(P;) < 2N. In particular, we need N samples for each inner
product. In fact, this method is not only applicable for Legendre polynomials but for
all types of orthogonal polynomials considered in Table 4.1.

We consider the following 5-sparse expansion into Legendre polynomials:

f(x) = O.5P0(x) — 4P5(JC) + 0.2P8(X) + 8P11(x) — 3P21(x). (434)

We use the classical Gaussian quadrature approach as described above and compare
the results with the recovery obtained by Algorithm 5 using the ordinary generating
function. In both cases we use the upper bound N = 30. Furthermore, we note that
even though the Gaussian quadrature is exact for the inner products considered in
(4.33), we may obtain small errors due to machine precision. Therefore, we consider
a inner product to be vanishing if it is smaller than a predefined threshold parameter
¢ > 0. For our numerical example we use ¢ = 10~ '%. The recovered values 7i; and ¢j,
forj =1,...,5, for the approach by Gaussian quadrature and Algorithm 5 are shown
in Table 4.6.

i nj oy 1 (Algo. 5) Cn; (Algo. 5) 1 (Quadrature) ¢j (Quadrature)
j=1 0 05 4.1644-1071 0.500000000000006 0 0.5
j=2 5 —4 5.0000 —3.999999951507359 5 —4.000000000000007
j=3 8 0.2 8.0001 0.200024082438281 8  0.199999999999998
j=4 11 8 11.0001 8.000295666331050 11 8.000000000000005
j=5 21 -3 20.8985 2.902549580175646 21 —3.000000000000013

Table 4.6: Numerical evaluation of the indices of the “active” basis polynomials and
corresponding coefficients of the sparse Legendre expansion (4.34) using
the Gaussian quadrature approach as well as Algorithm 5 and the ordinary
generating function.

We note, that the identification of the indices of the “active” Legendre polynomials
is indeed exact by design of the algorithm. Due to the exactness of the Gaussian
quadrature, we only obtain errors due to machine epsilon and hence, the recovery of
the sparse Legendre-expansion using the “brute force”-Gaussian quadrature approach
yields better results. Moreover, we also compare the run-time of both reconstruction
methods. For Algorithm 5 we have an elapsed run-time of 67.46 seconds and for the
Gaussian quadrature approach we have an elapsed runtime of 410.12 seconds . Thus,
in terms of runtime as well as number of needed functional values Algorithm 5 is
advantageous. Furthermore, Figure 4.4 shows that both recovery methods are highly
accurate.
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4.4 Numerical Examples and Applications

Figure 4.4: Recovery of 5-sparse Legendre expansion with parameters given in Table
4.6 with Algorithm 5 shown in red. The blue signal shows the 5-sparse
Legendre expansion recovered by the Gaussian quadrature approach. Both
signals cannot be distinguished visually.
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5 Numerical Behaviour of the Prony
Method for Generalized Exponential

Sums

Even though Prony’s method is rather simple and relies mostly on linear algebra, one
major drawback is its high instability with regard to noise, see [LC56], pages 276-280.
Here, the author aims to recover the function

f(x) = 0.0951e* + 0.8607e>* + 1.5576€>*

using 24 rounded samples of the form f(0.05k) for k = 0,...,23. Even though the
reconstructed signal f fits the given data, i.e., f(0.05k) = f(0.05k) for k = 0,...,23,
instead of the M = 3 exponents Prony’s method only yields two frequencies a; = 1.58
and ay = 4.45. The corresponding recovered weights c; and c; are distorted by a factor
of 7. This small example gives an insight of the effect of noisy data on the parameter
estimation using Prony’s method.

Hence, in recent years considerable research has been dedicated to the development
of numerically stable Prony methods such as the Approximate Prony method, see
[PT11], the ESPRIT method, see [RK89], and the Matrix Pencil method, see [HS90].

Thus, this chapter is focused on the modification of such stabilizing algorithms for
generalized exponential sums.

In Section 5.1 we will introduce a modification of a subspace method known as the
ESPRIT algorithm for generalized exponential sums.

Furthermore, we will elaborate on how this approach can be modified if one or more
more frequencies are known beforehand in Section 5.2.

In the Section 5.3 we focus on the problem of clustered frequencies and derive a
sub-sampling based recovery method for an improved recovery in this case.

Finally, in Section 5.4 we will survey a modification of Prony’s method in order to
solve the problem of best approximation of a given data vector by a vector of equidis-
tant samples of a generalized exponential sum in the 2-norm.

In Section 5.5 we provided some numerical results for the derived algorithms. Par-
tial results of this chapter have been published in our survey [KP21].
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5.1 Modification of the ESPRIT Algorithm for Generalized

Exponential Sums

One of the most used methods for the stable recovery of sparse exponential sums
is the estimation of signal parameters via rotational techniques, a subspace method
better known as the ESPRIT method, see [RK89]. In [PT13], it was shown that the
ESPRIT method can be seen as a variant of Prony’s method. We will generalize and
modify this approach and apply it in the special case of generalized exponential sums.

Let us recall the some important notation and definitions given in the previous
chapters.

We will again consider generalized exponential sums (3.12) as in Chapter 3, i.e.,

f(x) = fch(x)e“/G@) x € [a,b], (5.1)
j=1

with ¢; € C\ {0}, «j € C with [Im(s;)] < K, K > 0, for j = 1,..., M, with G,H
satisfying the restrictions given in Definition 3.15, i.e., G,H € C([a,b]), G strictly
monotone and H non-vanishing.
We assume that only an upper bound L on the number of terms M in (5.1) is known
and oversample our signal f with N > L > M. Therefore, we need to choose 0 <
|h| < % and xq € [a, b] such that the assumption of Theorem 3.29 are satisfied, i.e.,

G(xp) + hk € [G(a), G(a)] for G(a) < G(b) or
G(xp) + hk € [G(b), G(a)] for G(a) > G(b)
forall k =0,...,2N — 1. Furthermore, we assume the 2N data samples

f(GYG(xo) +kh)), k=0,...,2N —1,h € R\ {0} with N > L > M are given.
In order to simplify notation we define

B  H(xo)f (G™'(lk + G(x0)))
fi = & unf (x0) = HO(G—l(hk + G(xo))o)

k=0,...,2N—1, (5.2)

where Sg 1, f(x) == %]‘(Gfl(G(Je) +h)) for h € R\ {0} denotes the gen-
eralized shift operator as in Definition 3.26 and f is a generalized exponential sum as
in (5.1). Furthermore, we recall the definition of the corresponding Prony polynomial

P given in (2.9), i.e.,

M M
Pz)=[](z=1) = }_ " (5.3)
k=0

j=1

with A; == e%" for h € C\ {0} for j = 1,...,M. Here, the parameters A; are the
eigenvalues of the generalized shift operator Si p corresponding to the eigenfunc-
tions ¢ H(x) forj =1,..., M.
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Using this notation we recall, that due to Theorem 2.5 and Theorem 3.31, the fol-
lowing equation holds true

M M ‘ M r M c
kZ: Pkfm—i—k = kZ: PkSGTIT,h (xo) = kZ: kaGJ,rIT,h Z; C]‘H(X())elxj (x0)
=0 =0 =0 j=

M M .
— Z cj Z kaGJ,FI—T,h <H(x)e“jc(x)> (x0)
j k=0

j=1
o (5.4)
j=1 k=0

M=

Il
—

M
CjeajhmH(xO)eajG(xo) 2 pkeajhk —0.
j k=0

Definition 5.1 Let N,L € IN with N > L and let f; be the noiseless data samples
given in (5.2) for k = 0,...,2N — 1. Then we define the rectangular Hankel matrix

Hon_1,141 as

Hon-1,041 = (foem)ing € CENTEX (LA, (5.5)

Furthermore, we define the Hankel sub-matrices Hyn_1,1(0) € C2N-LL and
HZNfL,L<1) € C?N-LL given by

Hon_r1141 = (HZNfL,L(O) (feu)%f&kl) = ((fz)%ﬁ&“ H2N7L,L(1)> ,

i.e., we obtain Hon_1 1(0) by removing the last column of Hoy_1 111 and Hon—1,1.(1)
by removing the first column of Hpn_1 1+1. Introducing the sub-matrix notation

A(a:b,c:d) to select the rows a to b and the columns c to d of A, we can write

HZN—L,L(O) = HZNfL,LJrl(l 12N — L,l : L) (56)
HZN—L,L(l) = HZN—L,L+1(1 :2N — L,2 L+ 1) (57)

Using equation (5.4) we can determine the rank of the above matrices.

Lemma 5.2 Let M,L,N € N with M < L < N be given. Furthermore, let fi be the
noiseless data samples given in (5.2) for k = 0,...,2N — 1 and Hon_p 141 and Hon_1,1.(5)
as in Definition 5.1 for s = 0, 1. Then the following holds:

(i)
rank (Hon—p,14+1) = rank (Hon—pr(s)) = M fors =0, 1.

(i) If L = M, then ker (Hon—pmm+1) = span(p) and ker (Hon—p m+1(s)) = span(0pr+1)
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

for s = 0,1 and p denoting the coefficient vector of the Prony polynomial, i.e., p =
(po, p1,---, pm)T € CMH with ppy = 1.

Proof. The claim follows direct result from Equation (5.4). O

In order to determine the sparsity number M in (5.1), which is equal to the rank of
Hon-1,1+1, we can use the singular value decomposition and the above lemma. Hence,

we consider the singular value decomposition

Hon-1,1+1 = Uan—r - Don—r1,041 - WL 1 (5.8)

where Upy_ € CPN-L2N=L and W, ,; € CEFLLHL denote unitary square matrices and

IR2N7L,L+1

where Don_ 141 € is a rectangular diagonal matrix. By construction, the

singular values are the diagonal entries of the matrix Doy_p 1+1. We assume that the

rows of Wy and the columns of Uy_1 are ordered such that the singular values

o1(Hon—r,r41) > 0o(Hon—1,041) > -+ - > o041 (Hon—p,41)

are ordered non-increasingly with

orv+1(Hon—rr41) = omp2(Hon—1,041) = -+ = 041 (Hon—p,n41) = 0.

Once we have determined the rank M of the Hankel matrix, we redefine the Hankel
matrix and consider

Hon- i1 = (fram)omy (5.9)

with the corresponding singular value decomposition

Hon-mm+1 = Uan—m - Don—mm+1 - Waig1, (5.10)

with unitary matrices Upy_p € CPN-M2N-M w1 € CMHIMHL and Doy mmye1 €
R2N-MM+1 3 rectangular diagonal matrix.

Again, Lemma 5.2 implies that Hyn—p1,m+1 has rank M and

o1 (Hon-MmM+1)

om(Hon—mm41)

Don—m M1 = 0| e REN-M)x(M+1)
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5.1 Modification of the ESPRIT Algorithm for Generalized Exponential Sums

with the singular values

o1(Hon-mm+1) 2 2(Hon—mm1) 2 -+ 2 om(Han-mm+1) > 0.
Additionally, we recall the definition of the companion matrix from (2.6).

Definition 5.3 (Companion Matrix) Let n € IN and P be a monic polynomial of degree
n,ie, P(z) = z"+ Y]~} pxz* for some py € C,k =0,...,n — 1. Then the correspond-
ing companion matrix C,(p) € C"*" is given by

00 ... 0 Po
10 ... 0 m

Ci(p)=1|0 1 ... 0 p |, (5.11)
00 ... 1 Pn-1

where p := (po,...,pn_1)T denotes the vector of the coefficients up to the degree n — 1.

Companion matrices are used for the numerical computation of the roots of poly-
nomials, since the eigenvalues of the companion matrix C,(p) are the roots of the
corresponding monic polynomial P(z) = z" + Y/ piz¥, see [HJ13], pages 194-195.

Lemma 5.4 Let N,M € N with M < N and Hon_pm m(s) be the Hankel sub-matrices as in
Definition 5.1 for s = 0,1 and L = M. Furthermore, let P be the Prony polynomial given in
(5.3) of degree M and Cpy(p) be the corresponding companion matrix defined in (5.11). Then
the following holds

Hon—mm(0) - Cpm(p) = Hon—mm(1). (5.12)

Proof. Using the defintion of the Hankel sub-matrix Hon_p(0) in (5.6), Lemma 5.2
(ii) and pp = 1 yields

Po

p1 M-
Havmu(0)- | . | = = )i ™

pPmM-1

Therefore, we can use (5.6) and get

Hon-mMm(0) - Cp(p) = Hon—m,m(1).
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

Remark 5.5 The above lemma implies that the eigenvalues A, j = 1,..., M, of the
companion matrix Cp;(p) can be computed by solving a generalized eigenvalue prob-
lem. If A is an eigenvalue of the companion matrix Cy;(p) with corresponding eigen-

vector v, then we have

Hon-mm(0) - Cm(p) - v =Hon-mm(1) - v
=Av (513)
= /\HZNfM,M(O) V= HZNfM,M<1) - V.

Thus, the eigenvalues A of the matrix pencil corresponding to the matrices Han_ 1 (0)

and Hon_pmm(1), ie, all A € C satisfying

det (Hon-mm(1) — AHan-mm(0)) =0,
are the eigenvalues of the companion matrix Cps(p). O

Definition 5.6 (Moore-Penrose Inverse) Let A € C"*™ be a matrix. Then a matrix
AT € C"™*" is called Moore-Penrose inverse or generalized inverse if it satisfies the
Moore-Penrose conditions:

(i) A-AT- A=A,

(i) AT-A-AT =AT,
(iii) (AT-A)* = AT A,
(iv) (A-AT)*=A-A".

We note some of the properties of the generalized inverse, see [SS90], Chapter III,
Theorem 1.2 and Theorem 1.3.

Lemma 5.7 Let A € C"™*™, AT € C"™*" be its Moore — Penrose inverse and A* € C™*" pe
the conjugate transpose of A. Then the following holds.

(i) If the columns of A are linearly independent, then

AT = (A" AT A (5.14)

(i) If the rows of A are linearly independent, then

AT :=A" (A*-A) L.

D
(iii) If A = (0 ((;)' with D = diag(dy,...,dy) and d; # 0 fori = 1,...,r, then the
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5.1 Modification of the ESPRIT Algorithm for Generalized Exponential Sums

Moore-Penrose inverse is given by

-1
At — D™ 0
0 0
(iv) The matrix P4 = A- A" € C"*" is the orthogonal projector onto the column space of
A.

Theorem 5.8 Let N,M &€ IN, fi be the noiseless data samples given in (5.2) for k =
0,...,2N — 1, and Hon_pmm+1 as in (5.9) with the singular value decomposition given in
(5.10) using the matrices Upn_p1, Dan—mm+1 and Wpryq. Furthermore, we define Wy (0)
by removing the last column and the last row of W41 and Wp(1) by removing the first
column and last row of W41, ie.,

Wa(s) =Wp1(1: M,1+s: M+s)  fors=0,1.

Moreover, let Cp1(p) be the companion matrix defined in (5.11), where p = (po, p1,- -, Pm-1)"
denotes the vector containing the (unknown) coeffcients of the Prony polynomial P given in
(5.3). Then the eigenvalues of Wp1(0) =1 - Wyy(1) are equal to the eigenvalues of Cp(p).

Proof. Definition (5.6) implies that the singular value decompositions of the Hankel

sub-matrices are given by

Hon-mm(0) = Uan—m - Don—mvi+1 - Wars1,m(0), (5.15)

Hon-mum(1) = Uan—m - Don—mvi+1 - Wamr,m(1),

where W11 (0) is obtained by removing the last column of W11 and W1 (1)
by removing the first column, respectively. Hence, Lemma 5.4 implies

Don-mm+1 - Wam+1(0) - Cpm(p) = Dan—mm+1 - Warp,m(1).

It follows from Lemma 5.7 (iii) that the generalized inverse of Don_ i Mm+1 is given by

1 1
D, :<dia ( ,0>,0 _ >
IN-MM+1 & o1 (Hon—mM+1) ov(Han—mm+1) N—2MH

with D3, MMl € RM*12N=M_Therefore, multiplication with D}y, M1 yields
Wn(0) - Cu(p) = Wam(1).

Since Lemma 5.2 yields that the matrices Hon_p(0) and Haon—p (1) have full rank
M, it follows that Don—pm+1 - Wam1,m(0) and Dan—p p+1 - Wars,m(1) have rank M.
Therefore, we obtain invertibility of the matrices W);(1) and Wj(0). Hence, the claim
follows. O
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

The above theorem implies that it is sufficient to compute the eigenvalues of
W (0) " - Wi (1) (5.16)

in order to compute the eigenvalues %", j = 1,..., M corresponding to Prony polyno-
mial corresponding the generalized exponential sum in (5.1). At last we can compute

the parameter ¢; for j = 1,..., M by solving

M
fk — cheajG(XO)eDLjth(xo)
j=1

fork=0,...,2N — 1.

We summarize our results in the following algorithm.

Algorithm 7 ESPRIT Algorithm for Generalized Exponential Sums
Input: L, N € N, L < N, L upper bound on the number of terms M in (5.1), h > 0,
sampled values f (G~ (hl + G(xo))), £ =0,...,2N — 1, G(xo)
1: Form the Hankel matrix Hon_r,141 = (axof (G 1 (h(€+ k) + G(xo))))i,];:(JLiLLH

as in (5.5) with a; := % for ¢ =0,...,2N — 1. Determine the rank M

of Hyn—1-1,1+1-

2: Form the matrix Hon_mmi1 = (axof (GTH(R(C+ k) + G(xo))))?z:_éw’MH as in
(5.9) and compute its singular value decomposition Hony_pmmi1 = Uan—m -

Don-m,m+1 - Wh1-

3: Build the restricted matrix Wy;(0) by removing the last column and the last row
of Wyr1 and Wy (1) by removing the first column and the last row of Wy 1.
Compute the eigenvalues Aj, j = 0,..., M of W (0)~1- Wy (1).

4: Compute the frequencies «;j := ;log(A;) forj =1,..., M.
2N-1,M

5. Solve the Vandermonde-like system Van a1 - € = fop with Voy m == <)\;§)k 01’
=0,j=

M _
T= (C].A]G(xo)/h> L and fon == (f(G 1 (h(£ +k) + G(XO))))iZo "and compute the
]:

coefficients ¢; = L forj=1,..., M.
] ea]G(xU)/h
Output: M, ajand ¢j forj=1,...,M as in (5.1).

Remark 5.9 (i) In practice, the determination of the rank of the Hankel matrix
Hon_1 141 in step 1 is done by calculating the singular values o4 > -+ > 0741
and defining M as the number of eigenvalues greater than a small predefined
threshold bound ¢ > 0. In particular, in the case of noisy data, i.e., fy == fi + €
where ¢ is additive noise, the parameter ¢ needs to be chosen appropriately. We

2N-L-1,L c C2N-L,L+1

define the error matrix as Eon_r,14+1 = (€k+0)% y—o and obtain
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5.1 Modification of the ESPRIT Algorithm for Generalized Exponential Sums

(iii)

(iv)

the noisy Hankel matrix Hoy 141 € C2N-LLH1 given by

Hon-r14+1 = Hon-r, 141 + Eon—p141-
If2 ||E2N7L,L+1 ||2 < UM<H2N7L,L+1>/ we can chose

e~ 2 ||Ban—r,41[l, /o1 (Hon—p,041),

see [PT17], page 630.

One possible way to compute the singular values of the Hankel matrices Hon_1 1.
and Hon_ v M1 with high accuracy is given in [Drm15]. The main idea behind
this approach is to determine a so-called rank revealing decomposition (RRD)
based on a modified one-sided Jacobian method prior to computing the singular
value decomposition of the Hankel matrices. Similar approaches can be used
for Vandermonde matrices. For further information on this topic we refer to
[DGE 199, Dem00].

The above algorithm can also be applied for the recovery of real generalized
trigonometric functions studied in Chapter 3.2.2. In order to so do, we use the

trigonometric identities

cos([xG(x) + ﬁ) — (ei(sz(x)Jrﬁ) + e*i("‘G(x)Jrﬂ)) ,

N —

1 . .
sin(aG(x) + ) = o (elwc(x)w) _ e—1<ac<x>+/s>> ,

Thus, we obtain for the generalized cosine expansion

M M
Y _cjcos(ajG(x) + ;) = %c]- <eiﬁfei“fc(x) + e_iﬁfe_i"‘fc(x)>
j= j=1
oM
— ’5jeajG(x)
i=1
with ¢; = %c]-eiﬁf and &; = igj for j = 1,..., M as well as ¢; := %cje’iﬁf and
oTj = —iaj for j = M +1,...,2M. For real parameters c;, it is sufficient to recover

the parameter B; and ¢; from the real and imaginary part of ¢; for j = 1,..., M.
We can use analogous trigonometric identities for generalized sine expansions
as well as generalized hyperbolic expansions.

We can also combine the above ESPRIT algorithm with the algorithm for the
reconstruction of sparse expansions into orthogonal polynomials based on gen-
erating functions obtained in Chapter 4. This is possible, since the algorithm de-
rived in Chapter 4 is based on “mapping” the sparse expansion into orthogonal

polynomials to the corresponding sparse monomial expansion and a special gen-
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eralized shift operator, the dilation operator given in Definition 4.11, is used for
the reconstruction. In this case, the samples f; are replaced by the (f, (-, #))q
asin (4.8) fork=0,...,2N — 1.

¢

Based on Lemma 3.1. in [PT17], we can find a relationship between the singular
values of Hyn—1,1+1 and Hoy—pm+1. For this purpose, we recall some properties of

eigenvalues of hermitian matrices.

Theorem 5.10 Let A € C"*" be a hermitian matrix and let A1(A) < Ap(A) < --- < A, (A)
be the eigenvalues of A. Then the following holds.

(i) (Cauchy’s Interlacing Theorem) Let B € C=1)x(n=1) pe g principal sub matrix, i.e.,
obtained by deleting the i-th row as well as the i-th column of A for somei € {1,...,n}.
Moreover, let \1(B) < Ay(B) < -+ < A,_1(B) be the eigenvalues of B. Then the
following holds

A1(A) < A1(B) < Aa(A) < -+ < Ayq(B) < An(A).

(i) (Weyl's Theorem) Let C € C"*" be a hermitian matrix and A1(C) < A(C) < --- <

( ..
An(C) be the eigenvalues of C. Furthermore, let A1(A+ C) < --- < A, (A + C) be the
eigenvalues of A + C. Then we have

A(A) +A1(C) S A (A +C) < Ak (A) + A4 (C)

fork=1,...,n.

Proof. For the proof of (i) we refer to [SS90], Chapter IV, Theorem 4.2. For the proof of
(ii) we refer to [SS90], Chapter IV, Corollary 4.9. O

Lemma 5.11 Let L, M,N € N with M < L < N, f be the data samples given in (5.2) and
Hon_m M1 be the rectangular Hankel matrix given in (5.5). Then the singular values of the
Hon—m M1 satisfy the inequality

L 2
or(Hon-r,041)* < ok(Hon-mmi1)? + Y H]‘]H2 k=1,...,M, (5.17)
j=M+1

where f; = (fk)ii]j_l denotes the last column of the matrix Hon_jjy1 for j= M+1,...,L.

Proof. This proof is based on the proof Lemma 3.1 in [PT17]. Therefore, we will reca-

pitulate the first steps of its proof. Analogusly to (5.6), we can represent the matrices
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Hon- 141, and Hyny—1 141 using a block matrix structure

Hon pr+1= (HZNfL,L (f£+L)§£07L71> ’

Hon_11

((f€+2N7L)2;(}> !

Hon 1410 =

Note that we write Hpn_1 1 instead of Hpn_1,1(0) in this proof in order to simplify the
notation and improve the readability of the proof. Furthermore, we set

f, = (fe&)?goifl,

hon -1 = (frsan—1)) -

Using this notation we obtain

E3
Aon-r =Hon-ri41-Hon g1 =Hon—rn - Hon o pp + fifp, (5.18)
.- *
Aon-ry1=Hon-rv1,0 - Honopi11

. HZNfL,L . HiN—L,L HZNfL,L h2NL> (519)
— o y
hiy Hon_rr hon—r|l5

Equation (5.18) implies that Apy_ is a rank-one perturbation of Hon-_1, Hyyn |-
Moreover, equation (5.19) implies that the matrix Hon-1,LH3y | is a principal sub-
matrix of Apn_r+1. Therefore, we can apply Cauchy interlacing Theorem (Theorem
5.10 (i)) and obtain

MHon-r,r - Hyn_ 1) < Appr1(Aan-141) (5.20)
fork=1,...,L. Theorem 5.10 (ii) now yields
M(ELf) + Ax(Hon o -Hon 1 1) < Ac(Aon-1)
fork=1,...,L. We combine this with (5.20) and obtain
M(—ff]) + M(Aon-1) S M(Hon-rr-Hn 1) < Ak (A)an-L11

fork =1,...,L. Using the fact that —f f] is a rank-one matrix, we can conclude that its
first eigenvalue A, (—f.f; ) is equal to the norm — ||f.||3. Hence, we can obtain that the
singular values of the matrix Hyn_r 141 increase almost monotonously with respect to
L, i.e., they satisfy the following inequality

o (Hon-1,141)% < ox(Hon—r1,0)% + || 113 k=1,...,M,

where f; denotes the last column of the matrix Hon_p, 1 +1. Iterative application yields
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the claim.
O

Remark 5.12 The above lemma implies that the choice of the upper bound L has an
effect on the lowest singular value o (Hon—1,141) > 0 of Hyy_p 1 11. Since the singular
values are used to estimate the parameter M, the singular value oj; should not be too
small. Furthermore, we can conclude that a good choice of the upper bound L is close
to the original parameter M, i.e., L & M and L ~ N. That is if the matrices Hon_1 141
as well as Hon_ 1 m1 are almost square.

O

The difference between our modified version of the ESPRIT Algorithm 7 and the
classical ESPRIT algorithm described in [PT13] is the second step. In the classical ES-
PRIT method, the construction of the matrix Hon_ppm+1 is omitted and instead the
matrix Hoy_1 141 and its singular value decomposition given as in (5.8) are used. In-
stead of almost square or square matrices only sub-matrices of the orthogonal matrices
in the singular value decomposition are employed.

Using the established rank M of the Hankel matrix Hpn_p 141, We can construct the
matrices Upny_ppm = Upn—p(1: 2N —L,1: M) and Wy 41 == Wrq(1: M, 1: L+1)
with orthonormal columns, as well as the diagonal matrix Dy, := diag(cy, ..., onm) and
obtain a partial singular value decomposition of the matrix (5.5). Additionally, we set
WarL(s) = Warr41(1 : M,1+s: L+s) for s = 0,1. This implies that both Hankel

sub-matrices in (5.6) can be simultaneously factorized, i.e.,
HZN_L,L(S) = UZN—L,M : DM : WM/L(S) for s = 0, 1.

Hence, rather than the square matrices Wy(0) and Wy (1) the rectangular matrices
W2 (0) and Wy 1 (1) are considered. Therefore, instead of (5.16) we need to compute
the eigenvalues of (Wy;1(0))" - Wy r(1).

In recent years, different performance results for the ESPRIT method have been
established. Most of the existing performance results are of statistical nature and focus
on asymptotic - either in the sample size or the SNR - statements, see, e.g., [SS91, RH89,
LVT91]. A deterministic result in the special case of exponential sums on the unit circle
was given in [Aubl6], Chapter 5, and is based on the application of the Bauer-Fike-
Theorem, see [SS90], Chapter IV, Theorem 3.3, as well as an upper bound on the
condition of Vandermonde matrices with nodes on the unit circle. In particular, these
results imply that performance of the ESPRIT method is good, if the noise present
in the used data samples is small. Since these results only depend on the frequency
parameters e, j = 1,..., M, we can assume that similar results can be obtained for
generalized exponential sums if |e®| < 1. Further results for generalized exponential
sums with frequencies outside the unit circle as well as generalized trigonometric
expansions have yet to be obtained.
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5.2 Partially Known Frequency Parameters

In some applications, one or more of the frequency parameters a; for some j =
1,..., M, in the model f given in (5.1) are known beforehand, while the corresponding
weight coefficients ¢; are unknown. Therefore, we cannot simply eliminate the term
ciH (x)e%%®) from the sum (5.1) in order to get a new set of measurements and use
Prony’s method. This section is dedicated to the recovery of generalized exponential

sums in the case of partially known frequencies.

Theorem 5.13 Let M,N € IN, M < N and f be a generalized exponential sum of the form
(5.1). Furthermore, let fi be the data samples given in (5.2) for k = 0,...,2N — 1 and one
frequency wy for £ = 1,..., M, be known beforehand. Then the function f can be recovered
using the samples f = fiiq1 — e fi fork =0,...,2N —2.

Proof. Without loss of generality we can assume that the frequency «; is known be-
forehand and we define A := e*1". We recall the definition of the Prony polynomial P

given in (5.3), i.e.,

:ép :IM[( /> Z_Alﬁ(z—e) (5.21)

j=1 =
::Q(Z)

where p := (po, ..., pm)" the coefficient vector of the Prony polynomial. Furthermore,

we have
M M-1 .
Qlz) =[Jz—A) =) mz
=2 k=0

with the coefficient vector q := (qo, ..., qm-1)" and Aj = " for j = 2,...,M. Then
(5.21) yields

0 q0
qo :
p= ) - M
. qmM-1
amM-1 0

Thus, it follows from Lemma 5.2 (ii)

0 q0
qo :
Oon-m = Hon-mme1-p = Hon-mmit . -\
: dM-1
aM-1 0
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and, therefore, (5.6) yields

Oon—m = Hon—mmg1 - P = (Hon—mm(1) — AiHon—mm(0)) q,

where Hon_pm(s) denotes the Hankel sub-matrix given in (5.6) for s = 0,1. Hence,
we define a new Hankel matrix for the reduced problem as

Hon—mm = Hon-mm(1) — A1Hon—amm(0).

We observe that the components fk fork =0,...,2N — 2 of this new Hankel matrix
are of the form

" M M
fe=firn—Mfe =) H(XO)Cje“j(G(x0)+h(k+1)) — e""H(x) che“j(G(x0)+hk)
=1

=1 j
M
_ Z C]‘H(Xo) (ezx]-h _ euqh) ezxj(hk+G(xo))/
j=2
i.e., the coefficients ¢; for j = 2,..., M are changed to ¢; = cj(e”‘fh —e“h). Consequently,

we can use the samples ﬁ( fork=0,...,2N — 2 to recover the shorter sum
M
) E]-H(x)e“/c(x).
j=2

Once we have computed the remaining «;, j = 2,..., M, we obtain the coefficients c;,
j=1,..., M, by solving the linear system

5.3 Sub-Sampling Based Algorithm for the Recovery of
Generalized Exponential Sums
As we have previously mentioned, the accuracy of the Prony method does not only de-

pend on the accuracy of the input data, but also on the distribution of the frequencies,

i.e., on the minimal separation distance

q:= l]glunM loj — a;l.
i#]

If the minimal separation distance decreases, the nodes eY" of the Vandermonde

matrix Vs grow closer together and hence the conditions of the Vandermonde matrix
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as well as the Hankel matrix Hp; grow. In [CL20a], the authors used sub-Nyquist
sampling in order to improve the frequencies with a high resolution. In the following
section, we modify this approach for generalized exponential sums.

We recall the generalized exponential sum as in (5.1),

j=1

with ¢; € C\ {0}, #; € C, [Im(x;)| < T, T > 0 and G and H satisfying the assumptions
in Definition 3.15.

Up until this point, we have always chosen the sampling distance 1 € R\ {0} such
that 0 < [k] < % holds. This ensures that the computation of the frequencies «;
from the values e*" yields a unique solution. In this section, we will deliberately sub-
sample in order to increase the resolution and reconstruct the clustered frequencies
more accurately.

Instead of the consecutive samples f; = S’é’H’h f(x0), k=0,...,2M — 1, only every
u-th sample with u € IN, u > 1is used, i.e,,

fuk = S8 uf (x0) = SE 1 1 f (x0) (5.22)

fork =0,...,2M — 1. Since sub-sampling may cause the aliasing, i.e., the collision of

frequencies, we need to distinguish between the collision free and the colliding case.

5.3.1 Collision Free Sub-Sampling

In the following we will assume etth £ el for j#kand j,k =1,..., M. Since we
are purposely sub-sampling, we cannot uniquely recover the parameter e*”, and, thus,
the frequencies «;, respectively, from the values e%h, i =1,..., M, but obtain a set of
possible solutions

U = {eajngié

:O,...,u—l}. (5.23)

In order to determine the correct frequency aj, j = 1,..., M, we use the following
lemma.

Lemma 5.14 Let p,u € IN with gcd(u, p) = 1. Furthermore, let « € C with |Im(a)| < K
for some K >0 for j=1,...,Mand h = %. Moreover, we define

omi
P {eth+ i g

£:0,...,p—1} and

U= {eahﬁ{”ie

EzO,...,u—l}.
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

Then the following holds.
(i) The sets U and P have a unique intersection e*", i.e.,, PN U = {e*"}.

(ii) There exist 11,1 € Z such that riu + rop = 1, and we have

&} 2
(eauh) (evcph> :eth.

Proof. For the proof of (i) we refer to [CL20a], Lemma 1. Furthermore, Theorem
15, Chapter 2.4 in [Bos06], yields the existence of ri,r» € Z satisfying riu +rop =
ged(u, p) = 1. Hence, we obtain

" 2
(eauh> (ezxph> — eah‘
Consequently, the claim follows. O

Remark 5.15 The integers r1, 7, € Z given in the above lemma can be computed by
the Euclidean algorithm, see [Bos06], Chapter 2.4, Theorem 15 and are called Bézout
coefficients. O

Theorem 5.16 Let G: R — R and H: R — C be continuous functions such that G is
strictly monotone and H is non-vanishing on an interval [a,b] C R. Furthermore, let f be a
generalized exponential expansion of length M as in (5.1) such that there exists a K € R with
[Im(aj)| < K forall j=1,..., M. Moreover, let h = %, u,p € IN satisfy gcd(u, p) = 1 and
Xo € [a,b] such that

G(xo) + huk € [G(a),G(b)]  for G(a) < G(b) or
G(xo) + huk € [G(b),G(a)]  for G(a) > G(b)

forallk =0,...,2M — 1 as well as

G(xo) + h(uk+p) € [G(a),G(b)]  for G(a) < G(D) or
G(xo) + h(uk+ p) € [G(b),G(a)]  for G(a) > G(b)

forall k = 0,...,M — 1 holds. If e"" # e for j = k holds, then f can be uniquely
reconstructed using the samples f(G~1(G(xo) + uhk)) fork = 0,...,2M — 1 and the samples
F(GTYG(x0) + h(uk +p))) fork=0,...,M— 1.

Proof. The proof is based on the Prony method for generalized exponential sums. We
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define

._ H(xo)

fue = Séc,H,huf(x(J)H(Gfl(G(xS) + ulh))
L H(xo)

fuk+p = SG, 1 1uSc,Hupf (X0) H(G Y(G(x0) + h(uk + p)))

F(GY(G(x0) +uth))  and (5.24)

F(GT(G(x0) + h(uk +p)))
(5.25)

for{=0,...,2M —1and k=0,..., M — 1. We note that the values

H(xo) and H(xo)
H(GY(G(xp) + uth)) H(G1(G(x0) + h(uk +p)))

for{ =0,...,2M -1,k =0,...,M — 1, are independent of the signal f and can be
precomputed.
We follow the first steps of the Prony method for generalized exponential sums and

define the Prony polynomial

M M
Piz)=]] <z - e“f”h> =Y e (5.26)
=1 k=0
M-1
Furthermore, we define the Hankel matrix Hy; := < fuge +m))£ . Lemma 5.2 (ii) as
m=

well as e £ e i £k, and py = 1 yield

HM-pZ—f

M-1
with p = (pk),](\i’ol and f := ( fue +M)>€ . Once we have computed the coefficients

pk, k=10,..., M, we compute the roots e"*" of the Prony polynomial P. Moreover, we
solve
M
fur =Y e fort=0,...,2M—1 (5.27)
j=1
with

& = c;H (xp)e®¢(0) (5.28)
for j=1,..., M. In order to uniquely recover the frequencies «; for j = 1,..., M from

the set U; as in (5.23), we consider the M additional samples f,, as in (5.25) for
k=0,...,M— 1. Employing Theorem 3.28 yields

M M k
_ G(xg)a; a;ph ajukh __ ~ a;ph wuh
fukrp = Y cjH(x0)e (xo)j gajph gatjukht — Y et (e i )
j=1 j=1
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

with ¢; asin (5.28) for j = 1, ..., M. Hence, we obtain the linear system

1 oo 1 El 0 alph
eiith o etmih 0 ¢ ... 0 ¢ pson
. e . eaMph f +(M—1)
eanM-un D |\ g o g, P !
=V =Dy

Since the diagonal entries of the matrix Dy, are nonzero, it is invertible. Moreover, the
matrix V,; is a Vandermonde matrix with distinct nodes and is, therefore, invertible.
Consequently, this system can be uniquely solved for the values e%?" for j = 1,..., M.
Therefore, we can employ Lemma 5.14 and uniquely recover the values e*", and, thus,
the frequencies &, j = 1,..., M.

As a last step we use (5.28) in order to compute the parameters ¢, j = 1,..., M,

which proves the claim. O

Remark 5.17 The assumption of non colliding frequencies in the above theorem, i.e.,
that e £ e for j # k is satisfied if one of the following conditions holds:

(i) Re(aj) # Re(ax) forj # kor

(ii) e # ulmz(z") + 1 forj#kandforall { € Z.

27

We summarize our results in the following algorithm.
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Algorithm 8 Sub-Sampling Algorithm for Generalized Exponential Sums

Input: M € N, u,p € N with ged(u,p) = 1, b > 0, sampled values

6:

f (G Y (h(ul + kp) + G(x0))), £=0,...,2M —1,k = 0,1, G(xo), H(xo)
-1

: Form the Hankel matrix Hy = (akof (G (B(ul +k) 4+ G(x0)))))i o
with a4, = H(G*l(Ié((fc(;))—&-uhf)) for ¢ = 0,....,2M — 1 as well as f :=
(ag+Mf(G_1(h(u(€+M)+G(x0))))24:61 and compute Hy - p = —f for p =
(Po)iy -

Define the Prony polynomial P(z) := Y™  p;z" with pyr = 1 as in (5.26) and find
all of its roots A; = e"‘f”h,]’ =1,...,M.
2M—1,M
Form the Vandermonde-like system Vo y = (e"‘i”kh)k it and solve the
=0,j=
linear system Vopp ¢ = fou with ¢ = <EjH(x0)e"‘fG(x0)> and f =
_ 2M—1
(ak40f(GH(G(x0) + hu(L +K))))Zy -
M-1,M
Form the Vandermonde matrix V) = (e”‘fk”h)k 0t and the diagonal ma-
=0,j= _
trix Dy = diag(cy,...,cm) and solve the system Vp;-Dy-h = f for h
M ~ _
with h = <e“ﬂ°h), ) and f = (bof(G ' (h(ul+ p) +G(xo))))2101 with b, =
]:

H(xo)
H(G1(G(x0)+h(ut+p)))"

T T
Compute 1,7, such that rju +rp = 1 and (e"‘f”h) 1 (e“fph) P = e for j=
1,..., M.
Compute the frequencies «; := } log (e%") and cj =

Output: ajand ¢j forj=1,...,M asin (5.1).

Remark 5.18 (i) The above algorithm can also be applied in the case of unknown

sparsity number M. Similarly to the ESPRIT algorithm, we use an upper bound
L > M and 2N samples with N > L > M. Moreover, we also can omit the first

ocjuh

two steps of the algorithm and compute the values e""", j = 1,..., M by solving

the generalized eigenvalue problem (5.13) as in Remark 5.5.

(ii) Analogously to Remark 5.9 (iii) we can recover the generalized trigonometric

expansion discussed in Chapter 3.2.2 using Algorithm 8 and 4M samples instead
of 2M.
0

The above describe algorithm can also be combined with the reconstruction method

obtained in Chapter 4.

Corollary 5.19 Let M € N and {Qy | k € No} with Qy € L*([a,b],w) be a set of orthog-

on

al polynomials with corresponding inner product (-,-)q as in Definition 4.1 and generating

function g in (4.4). Furthermore, let f be an M-sparse expansion into orthogonal polynomials
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

as in (4.5) i.e.,
M
f(X) = chan]-(X)
j=1

with ¢c; € C\ {0} for j = 1,...,M. We suppose that there exits a t € C such that g is
uniformly convergent for all x € [a,b] and t* for k € IN. Furthermore, let p,u € N satisfy
ged(u,p) = 1. Then f can be uniquely reconstructed using the values (f,g(-,t*€))q for
k=1,...,2M and the values <f,g(-,t“€+P)>Qfor {=1,...,M.

Proof. We recall that (4.10) the inner product (f,g(-,t))o yields that a mapping be-
tween the sparse expansion into orthogonal polynomials and the corresponding sparse
polynomials in monomial basis. This polynomial can be interpreted as a general-
ized exponential sum with G(x) = log(x) and H = 1. In particular, the samples
(f, g(, t”k+fp)>Q fork=1,...,2M —1 and ¢ = 0,1 correspond to the samples needed
for the recovery of the sparse polynomial using the shift operator Sg i and xo = 1.
Since we have n; € INg for j = 1,..., M, we obtain el o£ e for j # k. Therefore,

we can apply Theorem 5.16 and the claim follows. O

5.3.2 Colliding Frequencies

One problem that may occur when the sub-sampling causes aliasing, i.e., that e%/*" =

e%! for j # k. Without loss of generality we can assume that the collisions appear in
successive terms, i.e., there exits a partition of M such that

M=) (ni1—mn) (5.29)

o

Il
_

withn =1, n; < ni+1,i: 1,...,M, Mg = M—i—l and e = eUh with n; < ],k <

ni+1 — 1 and j # k. Consequently, we obtain for the samples in (5.22)

M ©)
fur =Yy cVet (5.30)
=1
with
0 nj1—1 njp1—1 c
¢ = Z Gk = Z cH (x0)e™ (x0) (5.31)
(0) ~
and &4 M= Mt — .. = @M gy j = 1,...,M. However, we note that,

depending on the parameters ¢;, j = 1,..., M, xo and the function G it may happen that
Eio) =0 for some k = 1,..., M. First, we consider the case Ef(o) #0forallk=1,..., M.

Since we do not know which frequencies collide, we also need to compute M.
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Theorem 5.20 Let G,: R — Rand H: R — C be continuous functions such that G is
strictly monotone and H is non-vanishing on an interval [a,b] C R. Furthermore, let f be a
generalized exponential expansion of length M as in (5.1), such that there exists a K € R with
|Im(¢x]-)| < Kforall j=1,...,M. Moreover, let h = %, u, p, € N satisfying gcd(u, p) = 1
and xo € [a, b] such that

G(xo) + h(uk+ lp) € [G(a),G(b)]  for G(a) < G(b)  or
G(xo) + h(uk+¢p) € [G(b),G(a)]  for G(a) > G(b)
forallk,t =0,...,2M — 1. We suppose e“"" = e%"" for some j # k holds and that E§O) as

in (5.31) is non-vanishing for all j = 1,..., M. Then f can be uniquely reconstructed using
the samples f(G~1(G(xo) + h(uk + €p))) for k, £ =0,...,2M — 1.

Proof. The proof is done similarly to the proof of Theorem 5.16. For simplicity we
write

fuk+€p = SG,H,h(uk+p€)f(xO) = H(G—l(G(XHO()?;(uk_Fpg)))f(G_l(G(xo) + h(uk + pﬁ)))

fork,¢=0,...,2M — 1.
We note that Lemma 5.2 implies that we can compute the parameter M as the rank

of the Hankel matrix ( fuk +m))k . Furthermore, we can use the samples f,0,,
=

k=1,...,M,and follow the first steps in the proof of Theorem 5.16 in order to recover

) ~
the values e “" for j=1,..., M. Additionally, equation (5.30) yields

1 1
0
eago)uh eaguh Eg ) fO
: = : (5.32)
: ~0) _
eagmm,l)uh eag(z\z—l)uh Cm fu(M—l)
::V1\7l

Theorem 3.28 and equation (5.30) imply for k > 1

Fukspt = S, (ks po) f(X0) = SG b1 SE,1unf (X0)

M Mjy1—1 O
=SGup | Y Y, cH(-)e e ™ | (xg)

j=1 i=n

(0)
=Y X e G (HO)e V) (x0)

M tj+1—1 © eh
_ Z Cieaf u H(XO)etxiphZeaiG(xg)
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

M
(0)
_ Za{ﬁ)etxj ukh
4 ]
j=1
with
' njp—1 njp—1
E]{);: Z getirth — Z CiH(xO)e“ipehe“iG(xU) (5.33)
i:n]- l=1’l]

for{ =0,...,2M—-1and j=1,.. ., M. Using the Vandermonde matrix Vg given in
(5.32), we can rewrite this as

M _ 7
Vi (c]. >j:1 = (fuk+pt) e—
and compute E;g) = Sé,H,ph (2;@;},_1 ciH(-)e“iG(')) (xo) for j = 1,...,M and ¢ =
1,...,2M —1.
{0)

The values ¢ ¢ =1,...,2M — 1 are sample values of a generalized exponen-

tial sum of length n;,1 — n;. In particular, we can compute the values n;,1 —n; by
2M-1

computing the rank of the Hankel matrix (E](Hm))k o Therefore, we can apply
m=

Theorem 5.16 and reconstruct the frequencies «; and the corresponding coefficients c;,

i=mnj,...,njp—1lforj=1,... , M. Consequently, the claim follows. ]

At last, we need to consider the case when aliasing causes a cancellation, i.e., when
Ef(o) =0forsomek=1,..., M.

Lemma 5.21 Let p,u € N with ged(p,u) = 1. Let a1, a2 € C, a1 # ap with |Im(a;)| < K,
j=12and h=Z. If eMh = e*2uh then Pt o£ e%2Ph holds.

Proof. For a proof we refer to [CL20a], Lemma 3. O

The above lemma implies that even in the case of colliding frequencies and vanishing
coefficients we can recover the signal f. Therefore, we recall equation (5.33), i.e.,
nj1—1 nj1—1

E§£) = Y Gew'h =Y ¢;H (x)e%PthetiG(x0) (5.34)

l:Hj l:n]'

for j = 1,...,]\71 and / = 0,...,2M — 1. For fixed j € IN this implies the following
Vandermonde system

(ea,phe> mi =1 (=) (E)n,+rl _ (E(Z))”Hl—”j
A ) )
i=n;,(=0 = 1) e=0

= Vi 1-n;

Lemma 5.21 implies that the occurring Vandermonde matrix Vn]. p—y is invertible.
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~0)

Hence, we can conclude that not all ng are vanishing for ¢ = 0, .. ., Mjy1 — nj and

i=1..., M. Consequently, we arrive at the following theorem.

Theorem 5.22 Let G: R — R and H: R — C be continuous functions such that G is
strictly monotone and H is non-vanishing on an interval [a,b] C R. Furthermore, let f be a
generalized exponential expansion of length M as in (5.1), such that there exists a K € R with
[Im(«;)| < K forall j =1,..., M. Moreover, let h = %, u, p, € N satisfying gcd(u, p) = 1
and xo € [a, b] such that

G(xo) + h(uk+ Lp) € [G(a),G(b)]  for G(a) < G(b) or
G(xo) + h(uk + ¢p) € [G(b),G(a)]  for G(a) > G(b)

for all k,¢ = 0,...,2M — 1. Then f can be uniquely reconstructed using the samples
F(GYHG(x0) + h(uk + £p))) for k,¢ =0,...,2M — 1.

5.4 Modification of Prony’s Method for Sparse Approximation

One of the most common applications of Prony’s method is the sparse approximation
of structured signals and in particular exponential sums, i.e., for signals that are either
exactly or approximated by an exponential sum. Therefore, we want to study the
question of approximating a given data vector y = (yx)N_, € CV*! by a new vector
f = (fi)), € CN*! whose elements are of the form

M
fr= Zl cjzf (5.35)
]:

with 2M < N, ¢;j,z; € C\ {0}, and z; pairwise distinct for j = 1,..., M. We note that
the length M of the sum in (5.35) is the rank of the Hankel matrix Hyn = ( fj+k)]z‘j<:0
due to Kronecker’s Theorem, see, e.g., Theorem 8.19, in [Fuh12], and, therefore, also
has a close connection to structured low-rank Hankel approximation, see, e.g., [Mar12],
which has been recently studied in the special case of rank-one Hankel approximation

for the spectral norm as well as the Frobenius norm, see [KPP21].

The sparse approximation problem can be rewritten in terms of a non-linear least

squares problem

N 2

Mk
y— | Loz
j=1 k=0

This formulation can be used to solve the problem of parameter estimation in the case

argmin
c,zeCM

(5.36)

2
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of noisy data, i.e., when the data samples y; are of the form

_ H(xo)
e = H(G (G (x0) + k)

f(GYG(xo) +hk)) +e  k=0,...,N,

where €, k = 0,...,N, is the error term and f is a generalized exponential sum as in
(5.1), i.e., of the form f(x) = ¥M, c]-H(x)e“f'G("), since we have

P F(GTH(G(x0) + hk)) = ﬁc‘H (x0) G0t = fazk
H(G~Y(G(xo) + hk)) 0 Lot 2k

G(Xo) h

with ¢; = ch(xo)e"‘f and z; := e%". If the error terms ¢, k = 0,...,N, are
independently and identically distributed random variables with €, € N(0,0?), the
minimization problem can also be interpreted as a maximum likelihood method, see
[SM97], Appendix B, and [Osb75]. Furthermore, we can also understand this as a non-
linear approximation problem of finding a generalized exponential sum f as in (5.1)

such that

2

Hxo) (616 (x) + b))

N
L | Y~ BTG xo) 4 H)

is minimized.

We recall the Vandermonde matrix

1 1 ... 1
Z1 Z2 ... ZM
Vam(zi, ..., z2m) = Vg = 23 z5 ... zy | e cCNH)xM (5.37)
N2 2l
with corresponding node vector z := (z1,23,...,zym). In the following our Vander-

monde matrix always will be of size (N + 1) x M. Since we focus on the recovery of
the parameters zj, j=1,..., M, we use the notation V, throughout this section. Using
this notation we can write f = V, - ¢, with f = (fo,..., fy) and ¢ = (cy,...,cpm)T € CM
denoting the coefficient vector. Thus, we can reformulate (5.36) as

argmin ||y — Vzc|,. (5.38)

c,zeCM

We note that the non-linear least square problem in (5.36) is NP-hard to solve, see
[Nat95]. We want to use the so-called variable projection method in order to solve

(5.38) and transfer the problem to a minimization problem with respect to c.

Lemma 523 Let N,M € N with 2M < N and let y € CN*! be the vector of given
data samples. Furthermore, let V, denote the Vandermonde matrix given in (5.37) and ¢ €
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CM\ {0} denote the vector of (unknown) coefficients. If the parameter z € CM is fixed, the

non-linear optimization problem given in (5.38) is equivalent to

argmax |r(z)5 = argmax ||P,y||3, (5.39)

zeCM zeCM
withP, =V, -V}, 1(z) =P,-yc CN*land c = V} -y.

Proof. For fixed z € CM, the problem in (5.38) reduces to a linear least squares problem

argmin ||y —V,- c||§
ceCM

Penrose’s Theorem, see [SS90], Section III, Theorem 1.4, implies that the solution is
given by ¢ = V}y, where V; denotes the Moore-Penrose inverse given in Definition
5.6. Since the Vandermonde matrix V; has full rank M, Lemma 5.7 (i) yields

c=V, y=(V; V)" -Vj-y,

where V} denotes the conjugate transpose of V,. Additionally, we introduce the pro-
jection matrix P, € CN+T1XN+1 py

P, =V, VS (5.40)
and satisfying
P,=P, P,=P2, P,-V,=V,and V} -P, = V. (5.41)
Hence, problem (5.38) can be simplified to

. 2 . 2
argmin Hy - V.-V, -yH2 = argmin ||(In+1 —P2) - yl3
zeCM zeCM

= argmin (y* - (In+1 — P2)" - (In+1 = P2) - y)

zeCM
= argmin (y'y —y"-P;-y).

zcCM

Therefore, we need to solve

argmax y* - P, -y.

zeCM

Now we define r(z) := P, -y € CNTL. Then the optimization problem is equivalent to

2 2
argmax [|r(z)||3 = argmax [P -y
zeCM zeCM
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We want to briefly elaborate on one of the classical approaches, see, e.g., [Osb75,
ZP19], for solving the optimization problem (5.39). Instead of solving the problem for
the vector z, this problem can also be understood in terms of the Prony method. In
this case we aim to find a vector p € CM*! satisfying ||p||> = 1 such that roots of
the corresponding Prony polynomial given in (5.3) are the components z, ...,z of z.
Hence, we introduce the following Toeplitz matrix

Po
pP1 Po
. "
Xp — : Po e C(N-I—l)x(N—M-l—l), (5.42)
Pm p1
M :

pPm
satisfying Xg - Vz = ON—_pm+1,m+1. Furthermore, we set

-1
o + <! <!
Ppi=Xp X5 =Xp- (Xp-Xp) - Xp,

with P, € CN+t1*N+1 Using these matrices we get

PP, =Xp- (Xp-Xp) ' Xp- Vo V) =0n mi1mi1
h\,—/
=0N_M+1,M+1
Since rank(Xp,) = N +1— M = rank(Pp) and rank(V,) = M = rank(P,), we can
conclude

P, = (IN+1 - Pp)'
Consequently, we can rewrite the problem (5.39) as

. = 2
argmin  ||Pp - y/| 5 (5.43)
peCM*L[p[l2=1
Once this problem is solved, the roots of the polynomial P with corresponding
coefficient vector p are computed and then the coefficient vector ¢ can be derived by
c=V; .y

We will present a new analysis which does not transfer the problem to the Prony
polynomial. Let us remark, that one drawback of this new analysis is that we cannot
employ he sparsity M, and, thus, remain with input vector length N + 1.
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In order to solve the derived maximization problem in (5.39) we consider the Jaco-
bian matrix of the vector r(z).

Theorem 5.24 Let N,M € N with N > 2Mandy € CNtlpeq given data vector. Further-
more, let 'V, be the Vandermonde matrix given in (5.37), P, = V- V" be the corresponding
projection matrix and P, -y = t(z) = (r¢(z)))_, Then the Jacobian matrix J, € CIN+1)*M
of r(z) is given by

(=0,j=1 (5.44)
= (In+1—Pz) -V, - diag (Vy) + (V;)" - diag ((V})" - (In+1 — P2) -y),

where In.1 denotes the identity matrix of size N + 1 and

0 0 0
1 1 1
V’Z = 221 225 . ZZM c C(N“'l)XM_
Nz?"1 Nzé\]_1 ... NZJI?I/I_1
In particular,
V [x(z)[3 = 20; - x(2) = 2diag (V) - (Ins1 — P,)-§) - Vi -. (5.45)

Proof. First, we observe that the partial derivative %VZ is a rank-1 matrix of the form
]

0
5 Ve = =zjef e CNTM =1 M, (5.46)
]
where z]’. = (0,1,sz, 32]2,...,Nz]1.\]’1)T, and e; is the j-th unit vector of length M.

Applying the general rule

= —Y(x) T8y, Y(x) € CPM, x = (1, .

. xm) T forn,m € N,

toP, =V, -V} =V, (V;-V,)"1.V; and using (5.46) we obtain

St = 5 (o) = 5 (Vi Vi)
= (52ve) viy= iy [ vieva viy e v (Vi) -y
= (zje]) Viy - [(z ) Vot ViZje))| - Viy+ (V) - (Zje)) -y
= (Viy)Z (' P.y) - (Vi)' — (Viy)iPzj+ ((2)°y) - (Vi)'e;
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

= (V7 y)i(Ine1 = P2) - Zi+ ((2)" - (In1 — P2) - y) - (V)" - ¢
= (Viy)i(Ine = Po) - Voei+ ()" (Iver = P2) - y) - (V])" g

where (V;y); denotes the j-th component of the vector V;'y. This implies

M
J. = (Ins1 — Py) - V, - diag(Vy'y) + (V;)" - diag ((<z'>;‘ (Tys1 = Py) Y)H) :

Consequently, we obtain that the Jacobian matrix J, of r(z) is of the form (5.44). Fur-

thermore, using (5.41) we get
Jir(z) = (diag Vi) - (Vi)™ (Ins1 = Po)" - Py -y
+ ((diag (VL)' (et = Pa) ) ) V7 Py

~((diag (Vo) (v =P 3) ) Vi oy,
Hence, the gradient of ||r(z)||5 given by V ||r(z)||5 = 2], - r(z) has the desired form
(5.39). 0

Corollary 5.25 Let NM € N with N > 2M and y € CNT! be the given data vector.
Assume that the corresponding Hankel matrix Hy_piom = (Ykar) ,I(V E;ASH’MA has full rank
M and VYy has no vanishing components. Then the solution to the optimization problem
given in (5.39) necessarily satisfies

(V)T (Iny1 —P,) - ¥ = On1.

Proof. We assume z solves the optimization problem in (5.39). This implies
V ||x(z) ||§ = Oyn1. Hence, Theorem 5.24 yields

V x(z) |2 = 2 diag ((v;>T (st —Py) -y) Vi oy = Ou

Since V; 'y has no vanishing components the claim follows. O

Remark 5.26 Based on this analysis we proposed the idea for an iterative algorithm
for the approximation on the vector z in [KP21]. For the sake of scientific accuracy and
validity, we want to explain, why this proposed algorithm is not feasible. Therefore,
we will briefly present the suggested method: We start with initial guess z(°) obtained
by Algorithm 7. Then the vector zU*1), j € Ny is updated by solving

(V;</+1>)T ~(In41—PL5) - ¥ = Onia j=0,...,

i.e., by computing the zeros of the polynomial P;(x) = Vo p,((j )3k with the coefficient
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5.4 Modification of Prony’s Method for Sparse Approximation

vector pl) = ( ,((j))}c\fzo := diag(0,1,...,N) - (In+1 — P,)) - y. This results in N zeros.
In order to get rid of the superfluous zeros we choose the subset of size M which is
closest to the subset containing the coefficients of z(/).

This algorithm is not feasible, since Lemma 5.7(iv) implies that if the vector zU) is
the solution of the optimization problem given in (5.39), it lies in the column space of
V(). Therefore, we have (Iyy1 — P,(;)y = Ony1 and hence pl/) = 0y1. Consequently,
the corresponding polynomial P;) is the zero polynomial. If the vector zU) is close to
the optimal solution machine precision may yield only p!) ~ 0y, we may obtain
P(j) # 0 but still P(]-) ~ 0. In this case, the roots of P(]-) are in general not close to the

optimal solution z(0), O

5.4.1 Gauf3-Newton and Levenberg-Marquardt Iteration

In this section we will discuss a different approach to solve the non-linear least squares
problem (5.39) based on the Newton method. In each iteration step, the parameter
vector r(z) = P, -y is replaced by a new estimate r(z + §) for § € CM. This new
vector is now approximated by its first order Taylor expansion r(z) +J, - §. Hence,

instead of maximizing ||r(z + &) ||5 we consider

argmax [x(z) +J, - 8|5 = argmax (x(z) +J,-8)" - (x(z) + ], - 9)

seCM seCM
= argmax (Hr(z)H% +1(z)J, 6+ ] x(z) + 67, -JZJ) ,
feCM
which yields

2Re(J,x(z)) +2J; - J26 = Ony1.

Hence, the corresponding Gauss-Newton iteration at the j-th step is of the form
(J;(I) ’ ]z(]))‘s(]) = —Re (Jz(f>r (Z(])>) ,

in order to obtain the improved vector 20Ut = z0) 4 50) with J,i as in Theorem 5.24.

Since the vector (In;1 — P,)) - y may already be close to the zero vector, the matrix
(E(;)L(i)) is usually ill-conditioned. The Levenberg-Marquardt algorithm, see, e.g.,
[Mor78], introduces a regularization changing the coefficient matrix at each iteration
step. The matrix is changed to

(J;(D J0) + Hilm

for y; > 0. Then the iteration reads as follows

(T - T + pilm) 89 = —Re (szr <Z(j)>> ~
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

If we arrive at a (local) maximum of ||r(z) ||§, the Levenberg-Marquardt iteration van-
ishes, and we obtain §) = 0. This optimization algorithm is in general very fast. Since
this algorithm may only lead to a local maximum, the solution highly depends on the
input vector. One possible option for an input vector z(?) is the solution obtained by
the ESPRIT method described in Section 5.1. Nevertheless, one drawback is that the
sparsity number M is not used and the matrices are of size N + 1. Therefore, it is
beneficial to use the classical approach described in e.g., [ZP19] and above. Finally, we
want to conclude that the numerical experiments in [ZP19] indicate, that the variable
projection method based on the Levenberg-Marguardt Iteration as well as the Prony
method or the ESPRIT method seem to perform well for the approximation problem

considered in this section.

5.5 Numerical Examples

In this section we want to illustrate our derived algorithms using different numerical
examples.

To this end, we begin by considering the following generalized exponential sum,
which is sometime studied in the field of electrical engineering, see, e.g., [Mil15].

Definition 5.27 (Exponential Cosine Expansion) Let M € IN. Then we call f an M-

sparse exponential cosine expansion if f is of the form
M
flx) =Y cjetieost) (5.47)
j=1

with ¢; € C\ {0} anda; € Cforj=1,..., M.

This expansion is, indeed, a generalized exponential as in (3.12) with G(x) = cos(x)
and H = 1. In order to ensure that G is strictly monotone, we chose the sampling
interval (71,27). Then the corresponding generalized shift operator S is of the

form

Se.mnf(x) = F(GTH(G(x) + 1)) = flarccos(h + cos(x))).

Example 5.28 In this example we compare the performance of the classical Prony
method in Algorithm 3 with the ESPRIT method in Algorithm 7 and focus on the
reconstruction of the frequency parameters. We consider a sparse exponential cosine
expansion f as in (5.47) and can use Theorem 3.31 for the reconstruction of f. We
remark that the sampling distance /1 strongly depends on the length of the interval,
in which G is strictly monotone, as well as on the slope of G~1. Hence, in order to
be able to apply Theorem 3.31, we need to choose a sampling distance 1 € R\ {0}
and a starting point xg € R such that cos(xg) +hk € (—1,1) for k = 0,...,2M — 1.
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5.5 Numerical Examples

This is satisfied for xo = 71+ h/2 for 0 < h < 537 Since we also want to apply the
modified ESPRIT method to determine the parameter M, we oversample this function
and consider 2N samples with N > M. Therefore, we choose 0 < h < ﬁ and
xo = 70 + h/2, satisfying the conditions for Theorem 3.31 and the ESPRIT method.
For our numerical example we choose M = 5. The original real parameters in Table
5.1 have been drawn uniformly from the intervals (—1,1) for ¢; and from (-7, 77) for

a,j=1,...,M.

parameters j=1 j=2 j=3 j=4 j=5

Cj 0.7171 0.8221 0.3993 0.4504 —0.5402
o —1.1251 0.0717 —-2.7608 1.4180 0.3554

Table 5.1: Parameters c; and a; for a sparse exponential cosine expansion as in (5.47)
with M = 5, see Figure 5.2.

For the reconstruction using Algorithm 7 we use N = 17 and, therefore, the samples
f(arccos(hk + cos(x))), k = 0,...,33, with h = = and xg = T+ 4 = m+ & We
assume an upper bound of L = 12 . For the rank approximation in step 1 of Algorithm
7 we use the tolerance ¢ = 10719, The singular values of the matrices Hy, 13 as well as
Hyg 6 are shown in Figure 5.1. In both cases a clear gap after the fifth singular value is
visible. Furthermore, this visualisation coincides with Lemma 5.11 since the singular

values of the matrix Hy; 13 are slightly larger than the singular values of Hyg.

108 F 1

1040, 4

1042, 4

1044, 4

10—16 L L L L L L
0 2 4 6 8 10 12 14

Singular number

Figure 5.1: Singular values of the matrices Hy 13 (blue) and Hpgs (red) used in Al-
gorithm 7 on the logarithmic y-axis and the corresponding index on the
X-axis.
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

For the reconstruction using the classical Prony Algorithm 3 we used the 10 samples
f (arccos(hk + cos(xp))) for k =0,...,9.

Figure 5.2: 5-sparse exponential cosine expansion with parameters given in Table 5.1.
The black dots indicate the sampled used for the reconstruction using Al-
gorithm 7.

Table 5.2 shows the maximal reconstruction error for the frequency parameters a;,
j=1,...,M given by

=1,...,

where &; denote the recovered parameter for j =1,...,5.

Algorithm 4 Algorithm 7 (L = 12)
err 0.0904 3.1028-10°°

Table 5.2: Maximal error in the frequency coefficients a; for a 5-sparse exponential
cosine expansion as in (5.47) obtain by Algorithm 3 and Algorithm 7.

This shows that the estimation obtained by the ESPRIT Algorithm yields a much
more accurate result than Algorithm 3. One reason for this is the fact that our sampling
distance h is rather small and the samples therefore close, as depicted in Figure 5.2.

O
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Example 5.29 We also want to test our modified ESPRIT method on noisy data. There-

fore, we consider an M-sparse expansion into Gaussian chirps as in (3.28), i.e.,
M 2
flx) = che_ﬁ(x_“f) (5.48)
j=1

with B =1i,¢c; € C\{0},4;€C,j=1,..., M, as in Table 5.3 and M = 5.

parameters j=1 j=2 j=3 j=4 j=5

¢ 1 -3 04 001 2
Re(a;) 0 —-Z -025 -1 02
Im (a;) 1 0 04 001 0

Table 5.3: Parameters ¢; and «; for a 5-sparse expansion into Gaussian chirps as in
(5.48).

Remark 3.49 implies, that this a generalized exponential sum with G(x) = 0 and
H(x) = e~ and can be reconstructed using the samples f(xo+hk), k=0,...,2M —1.

We consider the noisy data samples with

f(xo + hk) == f(xo+ hk) + €

where €, additive white Gaussian noise with mean 0 and variance 2. We perform

tests for 7 different variances 02 = 10~,10713,...,10°8 using Algorithm 7. We use
the starting point xp = 0 and the sampling distance 7 = 0.1. We choose an the
upper bound of L = 8, 2N = 2-12 = 24 samples and a tolerance of ¢ = 107°. The
maximal reconstruction errors for the frequencies are shown in Table 5.4. Here, we
have a = (tx]-)?:l and & = (Bc’j)?zl with @, j = 1,...,5, the parameter obtained by
Algorithm 7.

variance ¢

10~ 14 5.8723-10~7
1018 1.8487-107°
1012 3.5068 - 10~°
10-11 1.4566 - 107>
10-10 5.5265-107°
109 8.8796 - 1075
10708 5.1598 - 10~*

o — &l

Table 5.4: Performance results of Algorithm 7 using different noise levels.

We observe that for growing noise variance the accuracy of the reconstructed values
decreases. In particular, this may result to the recovery of an additional frequency

parameter ag, if the tolerance € is not chosen appropriately.
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O

Example 5.30 In this example we want to test Algorithm 8 on a sparse exponential

sine expansion. Therefore, let f be a 5-sparse exponential sine expansion, i.e.,
5 .
flx) =Y cjetisin®) (5.49)
j=1

with parameters ¢; and &, j = 1,...,5, as given in Table 5.5. The minimal separation
distance in our example is given by ¢ = 0.01 and the parameters a; and «, are clus-
tered. Moreover, the signal f is, indeed, a generalized exponential sum with H =1
and G(x) = sin(x).

parameters j=1 j=2 j=3 j=4 j=5

Cj 1 —-0.5 —0.02 1.7 —0.84
Re «; -1 —-0.99 -2 1.7 0.3
Im «; -1.12 -1.1199 -5 -5 —-1.1189

Table 5.5: Parameters ¢; and a;, j = 1,...,5, for a 5-sparse exponential sine expansion
as in (5.49).

In order to ensure that G is strictly monotone we consider the interval (—7%, 7).

Similarly to Example 5.28 the sampling distance strongly depends on the length of our
considered interval as well as on the slope of G~1. We choose the sampling distance
h = 35 and the starting point xo = —Z + 0.01. Furthermore, we set p = 3, u = 11
and choose the samples as in Theorem 5.16. For the application of Algorithm 8 we use
10 samples of the form f (arcsin(sin(xo) + uht)) for ¢ = 0,...,9 as well as 5 samples
of the form f (arcsin(sin(xg) + h(ul + p))) for £ = 0,...,5. The parameters obtained
by Algorithm 8 are denoted by ¢; and &, j = 1,...,5. The reconstruction errors are
shown in Table 5.6.

jo e — 4l l¢j = ¢jl
j=1 19183-10"%" 3.8487-10"%
j=2 33868-107% 1.5666-107%
j=3 11341-107% 49707 1012
j=4 69634-1071 57275-1071
j=5 4998-1071° 7.7323.10°1°

Table 5.6: Error in the numerical evaluations of the parameters ¢; and «; for the 5-
sparse exponential sine expansion as in (5.49) obtained using Algorithm 8.

We compare this result with the outcome of Algorithm 3. In this case, we only need

10 samples of the form f (arcsin(sin(xg) 4+ h¢)) for £ = 0,...,9. The reconstruction
errors obtained by Algorithm 3 are shown in Table 5.7. For better visualization we
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5.5 Numerical Examples

present the frequencies «j, j = 1,...,5, as well as the parameters obtained by Algo-
rithm 8 and Algorithm 3 in Figure 5.3.

j e —al lcj — ¢l
j=1 0.0096 0.4997
j=2 17923 0.5000

j=3 1.2890-107° 6.1338-107%
j=4 9.7038-107 2.7015-107°
j=5 9.7251-10° 4.3585-10*

Table 5.7: Error in the numerical evaluations of the parameters Cj and aj, j=1,...,5
for the 5-sparse exponential sine expansion as in (5.49) obtained using Algo-

rithm 3.
|
® ®

15} .

y i
2.5 - .

_3 = D -
35 .

al i
4.5 - i

5 @ ® -
-5.5 —1 ‘ ‘ : ‘ ‘ ‘ ‘

-2 15 - 05 0 05 1 15

Figure 5.3: Parameter «; (black circles) as well as the corresponding recovered param-
eters obtained by Algorithm 8 (red stars) and Algorithm 3 (blue squares).
The x-axis shows the real part of the parameter «;. The y-axis the imaginary
partofa; j=1,...,5.

Algorithm 3 is not able to distinguish between the first two frequencies. We obtain
ay = 1.0096 — 1.1198i and a; = 0.8967 — 2.90981i. The corresponding parameters
¢j, j = 1,2 are adjusted accordingly and we obtain ¢; = 0.5005 — 0.0003i and ¢; =
2.8412-107% +2.1577i - 10~%. This explains the large reconstruction errors for the
values c; and ;. This is due to the fact, that the roots of the Prony polynomial e%" for

j = 1,2 are close together. In comparison, the values e%"" are much better separated
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5 Numerical Behaviour of the Prony Method for Generalized Exponential Sums

than the values %", j=1,...,5. Therefore, Algorithm 8 is able to recover the clustered
frequencies with higher accuracy. Nevertheless, the performance of the recovery for

both Algorithms is accurate as shown in Figure 5.4.

real part
T T

imaginary part
T T

Figure 5.4: Recovery of the 5-sparse exponential sine expansion (5.49) with Algorithm
3 in red. Recovery obtain by Algorithm 8 shown in blue. Both reconstruc-
tions cannot be distinguished visually.

Finally, we also want to highlight that in this case our modified ESPRIT Algorithm
7 also yields high accuracy. Therefore, we oversample with N = 14. We choose L = 8
for the upper bound on the sparsity number M = 5 and tolerance ¢ = 10712, The
reconstruction errors obtained by Algorithm 7 are shown in Table 5.8. We can see that

the results obtained by Algorithm 8 are slightly better.

i - lcj — ¢l
j=1 0.0020 0.2965
j=2 0.0049 0.2965
j=3 12158-10"%7 2.8488 10"
j=4 35058-1071° 1.2134-107%

j=5 1.1696-10"% 50034 -10-%

Table 5.8: Error in the numerical evaluations of the parameters ¢; and &, j = 1,...,5
for the 5-sparse exponential sine expansion obtained using Algorithm 7.
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Example 5.31 We consider a M-sparse expansion into Gaussian chirps as in (5.48)
with M =6and B =0.5,ie.,

6
flx) = Y cje 0

=1

with the parameters ¢; and aj, j =1,...,6, as in Table 5.9.

parameters j=1 j=2 j=3 j=4 j=5 j=6
Cj —0.5 1 7 0.2 -3 8

Re u; 0 0.0010  0.0022 0.00097 0 —0.00003
Im «a; 1887 18w —1.5119 —1.5 —1.4889 1.78997

Table 5.9: Parameters ¢; and «; for a 6-sparse expansion into Gaussian chirps as in
(5.48).

We have 2 clusters, i.e., the frequencies a1, x; and a4 as well as the frequencies a3,
ag and as are clustered together. The minimal separation distance is g = 0.01. We
choose the starting point & = f and the starting point xo = 0. For the sub-sampling
parameters we choose u = 5 and p = 3. Then Theorem 5.16 implies that f can be
recovered using the samples f(xg + h(ku + ¢p)) fork =0,...,11and £ =0, 1.

The reconstruction errors obtained by Algorithm 8 are shown in Table 5.10. For
better visualization we present the original frequencies aj, j=1,...,6 as well as the
parameters obtained by Algorithm 8 in Figure 5.5. We obtain a slightly greater error
in the recovered parameters &; for j = 1,2,6 and the corresponding parameters c;,
j =1,2,6 are adjusted accordingly. Therefore, the recovered signal obtained by Algo-
rithm 8 is still highly accurate. This shows that even in the case of multiple clusters

containing more than 2 frequencies, the performance of Algorithm 8 is highly accurate.

I | l¢j = &l
j=1 12750-10~* 0.0016
j=2 00025 0.1282

j=3 24730-1077 4.3621-10"*
j=4 36358-107° 8.2152-107°
j=5 63586-1077 5.1094-10"*
j=6 19650-10"* 0.1294

Table 5.10: Error in the numerical evaluations of the parameters ¢; and aj, j = 1,...,6
for the 6-sparse expansion into Gaussian chirps with clustered frequencies
obtained using Algorithm 8.
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-1 -0.5 0 0.5 1 15 2 2.5
%1073

Figure 5.5: Parameter «; (black circles) as well as the corresponding recovered param-
eters obtained by Algorithm 8 (red stars). The x-axis shows the real part of
the parameter «;. The y-axis shows the imaginary partof aj, j =1,...,6.
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In this thesis we have looked at the question of how we can recover structured func-
tions using only a small set of functional values. Answering this question, we have
deduced Prony based algorithms for the unique reconstruction of generalized expo-
nential sums, generalized trigonometric sums and finite, sparse expansions into or-
thogonal polynomials based on the theory of the generalized Prony method derived
in [PP13].

Based on the theory of one-parameter semigroups we derived a Prony method for
the recovery of generalized exponential sums such as sparse cosine exponentials and
generalized trigonometric functions. We showed that these structured functions can be
understood as eigenfunctions of generalized shift operators as well as eigenfunctions
of linear differential operators.

Additionally, we derived a Prony based method for the recovery of sparse expan-
sions into orthogonal polynomials using generating functions and have embedded
this reconstruction method into our the theoretical concept of the generalized Prony
method.

Furthermore, we showed that (stabilizing) numerical methods for the Prony method
can be modified for the recovery of structured functions. In particular, we modified
the ESPRIT method, introduced a sub-sampling Prony based recovery method for
generalized exponential sums (with clustered frequencies) and analysed modifications

of Prony’s method for sparse approximation.

However, there exist further open problems for the recovery of structured functions.
All of the derived methods have been studied in the one-dimensional case. Hence,
an interesting object of investigation would be the two-dimensional or multivariate
case. As we mentioned in Chapter 2, a lot of effort has been made to obtain a Prony-
like method in several variables, see [PV20, KPRv16,CL18]. Therefore, it would be

interesting to see if the results of this thesis can be extended to the multivariate case.

The numerical results in Section 5.5 show that the reconstruction obtained by Algo-
rithm 8 is highly accurate in the case of clustered frequencies. The results in [CL20b]
indicate that similar algorithms can be obtained for the reconstruction of generalized
trigonometric expansions as well as generalized hyperbolic expansions. While there
exists a variety of stability analysis for algorithms such as the ESPRIT method, see

139
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e.g. [Aubl6, PT13, LLF20] no performance results for the reconstruction method in 8
and similar algorithms have been derived. Hence, it would be of interest to obtain

error analysis results for these algorithms.

Furthermore, the non-linear least squares problem considered in Section 5.4 is also
closely related to structured low-rank approximation, see [Mar12,UM14]. Also, instead
of the Euclideannorm, one can consider the maximum norm, see [Hac05] or the 1-
norm, see [Skr17].

Additionally, one open question is, how functions in special smoothness spaces can
be approximated by exponential sums (or generalized exponential sums), if the input
data is known to be a sampling sequence of a function in a given smoothness space.
Furthermore, it would be of interest to derive a convergence rate with respect to the
number of terms M. The numerical results in [Hac05] show that the function % can be
approximated by an M-term exponential sum with an error of O(exp(cv/M)).

Finally, the results in [Pot17, PP19] indicate that we can hope for an exponential
decay of the approximation error for a larger class of functions.
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